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Abstract


This study aimed to collaboratively investigate the mechanism of variations in intramuscular fat (IMF) content in Wandong cattle using transcriptomics and metabolomics techniques. Longissimus dorsi (LD) muscle samples were collected from thirteen free-range Wandong cattle in Fengyang County, Anhui Province, China. From this initial cohort, eight animals closely matched in age and body weight were selected. Based on IMF content measured by Soxhlet extraction, these eight cattle were divided into two groups: the high-IMF (HF, n = 4) and low-IMF (LF, n = 4) groups. Subsequent analyses were performed on integrated datasets comprising the transcriptome, metabolome, and fatty acid profile. The results revealed a significant increase in IMF in the HF group compared to the LF group (p < 0.05). Specifically, α-linolenic acid (C18:3n3) and γ-linolenic acid (C18:3n6) were significantly more abundant in the LF group compared to the HF group (p < 0.05), whereas oleic acid (C18:1n9c) and cis-9-palmitoleic acid (C16:1) predominated in the HF group. However, saturated fatty acids (SFAs), such as myristic acid (C14:0), palmitic acid (C16:0), stearic acid (C18:0), and Margaric acid (C17:0), did not show significant differences (p > 0.05). A total of 9164 differentially expressed genes (DEGs) were identified via transcriptome analysis, with 2202 genes upregulated and 6962 genes downregulated in the HF group compared to the LF group. The expression profiles exhibited a distinct pattern, characterized by the upregulation of genes such as FABP1, SREBF1, and LIPE, while genes including SCD, PPARGC1A, and LEP were downregulated. GO enrichment analysis demonstrated that the majority of DEGs were predominantly abundant across 25 distinct functional categories distributed across the three primary ontologies. KEGG pathway analysis further identified 341 significantly enriched signaling pathways in the HF group (p < 0.05), predominantly involving metabolic pathways, FoxO, AMPK, and PPAR signaling pathways. Untargeted liquid chromatography-tandem mass spectrometry (LC-MS/MS) metabolomics analysis revealed 404 differential accumulated metabolites (DAMs), with 187 in positive ion mode and 217 in negative ion mode (p < 0.05). These DAMs were notably enriched in pathways such as glycerophospholipid metabolism, terpene and steroid biosynthesis, fatty acid degradation, and fatty acid metabolism. Notably, C16:1, C18:1n9c, arachidonic acid (peroxide free) (C20:4n6), oleoyl-L-carnitine, and linoleoyl-carnitine were identified as key players in lipid metabolism. Integrating transcriptomics with metabolomics data unveiled significant associations between DAMs linked to lipid metabolism and DEGs. Specifically, C18:1n9c exhibited a positive correlation with LPIN3, while C16:1 showed negative associations with PPAP2B, PPAP2A, CDS2, HADHA, LPL, HSD17B12, ELOVL5, ACSL1, and ACOX1, and positive correlations with PLA2G15, CDIPT, AGPSBG1, and GPD1. In summary, the variation in IMF content in Wandong cattle is co-regulated by key genes (SREBF1, ACSL1, SCD) via the AMPK, PPAR, and FoxO signaling pathways, coupled with alterations in specific fatty acid metabolites such as C18:1n9c, C16:1, and C20:4n6. These findings provide critical molecular insights for the genetic selection and breeding of Wandong cattle, which are renowned for their superior meat quality.
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1. Introduction


With the improvement of living standards, the demand for high-quality beef is increasing [1]. Intramuscular fat (IMF) content is a crucial indicator of meat quality, and plays a significant role in determining the sensory characteristics of meat, such as flavor, tenderness, and juiciness [2,3]. Studies have shown that IMF content is influenced by a complex interplay of cellular and metabolic factors, such as the proliferation and differentiation of adipose precursor cells and the regulation of lipid metabolic homeostasis [4,5]. Schettini et al. [6] identified that genes like ECHS1 and NFIA affect IMF content in Nellore cattle by regulating linoleic acid and α-linolenic acid metabolic pathways. Frezarim et al. [7] utilized multi-omics integration to demonstrate that CAND1, ACTN4, FGFR2, and NCOR2 function as a regulatory hub that couples cytoskeletal remodeling with lipid-synthetic pathways to orchestrate IMF in Nellore cattle. These findings underline the crucial impact of gene regulation on IMF content, thus providing a valuable reference point for breeding high-quality beef. The significant demand for high-quality beef in China has led to a rapid transition of indigenous cattle breeds, such as Qinchuan [8], Jinnan [9], Nanyang [10] and Luxi [11], from service beef cattle utilization to specialized beef production. It is imperative to comprehend the molecular mechanisms that govern the process of IMF deposition in order to enhance the quality of beef. Some studies have shown that the IncFABP4 factor promotes adipocyte differentiation in water buffalo muscle tissue by upregulating regulators such as PPARD and C/EBPα, thereby increasing IMF accumulation [12]. Ma et al. [13] demonstrated that ALDOC activates the AKT-mTORC1 pathway to stimulate IMF deposition in pigs, suggesting its potential as a target for meat quality improvement. Notably, Fu et al. [14] found that dietary addition of betaine up-regulated lipogenesis and down-regulated abundance of genes associated with lipolysis, improving meat quality and IMF content in pigs. Arginine has been shown to regulate lipid metabolism and meat quality in lambs through the gut microbiota-mediated SCFAs/GLP-1/GLP-1R/AMPK signaling pathway [15]. These studies have demonstrated the ability to enhance meat quality by modulating key lipogenic and metabolic pathways. Wandong cattle, a distinguished local yellow cattle breed in Anhui Province, recognized as a superior local livestock resource by the China Poultry Genetic Resource Committee, holds a ‘3A+’ grade [16,17]. While historically utilized as a dual-purpose breed for draft service and meat production, Wandong cattle are now being developed as a specialized beef breed [18]. These animals are characterized by their robust constitution, adaptability, and efficiency of digestion of roughage. The shearing force of Wandong cattle is well-recognized, with a shear force value (30.87 ± 5.06 N) rivaling that of Angus cattle (40.09 ± 6.67 N) [18,19]. Despite the well-documented tenderness of their meat and favorable profile of unsaturated fatty acids, there remains a discrepancy between the meat’s quality and the increasing consumer demand for consistently high-quality beef. Consequently, further genetic enhancement and targeted breeding strategies are imperative to optimize its meat quality traits. Research on the quality traits of Wandong cattle meat is currently limited, with only a few studies investigating the association between polymorphisms in the CAPN1 and CAST genes and meat quality attributes [20]. It is imperative that more profound and exhaustive studies are conducted to elucidate the underlying genetic mechanisms and identify additional pivotal genes that influence IMF deposition. In considering the intricate nature of IMF deposition, integrated transcriptomic and metabolomic approaches offer distinct advantages for elucidating its molecular mechanisms. Transcriptomics facilitates the systematic identification of key regulatory genes and signaling pathways involved in adipogenesis and lipid metabolism within muscle tissue, while metabolomics captures the dynamic end products of metabolic flux. For instance, Zhang et al. [21] employed integrated transcriptomic and metabolomic analyses to identify FADS2, ACOT7, and ACOT2 as key regulators of fatty acid metabolism in cattle, and demonstrated that a 46-amino acid deletion in the transmembrane domain of FADS2 alters lipid metabolism, thereby promoting IMF deposition. These findings indicate that integrating these two omics layers is imperative for constructing a comprehensive regulatory network from gene expression to metabolic function, thereby providing a holistic understanding of IMF deposition.



Consequently, this study aims to comprehensively analyze the molecular mechanism of IMF deposition in Wandong cattle by utilizing transcriptomic and metabolomic technologies. The research will identify key regulatory genes and metabolic pathways to establish a theoretical foundation and practical targets for molecular breeding and the selection of high-quality beef cattle.




2. Results


2.1. The Contents of Lipid and Fatty Acid in LD of Wandong Cattle


The HF group displayed significantly higher IMF content (17.42) compared to the LF group (10.73; p = 0.031), accompanied by distinct fatty acid profiles. There were notable differences in the profile of fatty acids between the two groups. Importantly, in the HF group, the content of polyunsaturated fatty acids (PUFAs) was lower than that in the LF group. Specifically, α-linolenic acid (C18:3n3) levels were significantly reduced in HF cattle (0.53 vs. 1.27; p = 0.015), while γ-linolenic acid (C18:3n6) displayed a marked decreasing trend (0.20 vs. 0.39; p = 0.041). In contrast, monounsaturated fatty acids (MUFAs) were significantly higher in the HF group. The analysis indicated a statistically significant difference in total MUFAs levels between the two groups (p =0.038), with the HF group averaging 40.93 and the LF group averaging 30.19. Specifically, the HF group showed significantly higher levels of cis-9-palmitoleic acid (C16:1) at 3.90 compared to the LF group’s 2.37 (p = 0.049) and oleic acid (C18:1n9c) at 37.03 compared to 27.83 (p = 0.049). Significantly, while MUFAs and partial PUFAs differed, the total saturated fatty acids (SFAs) and total PUFAs did not exhibit statistically significant differences between the two groups (p > 0.05). Specifically, various individual fatty acids demonstrated similar levels across the groups, including saturated fatty acids such as myristic acid (C14:0), palmitic acid (C16:0), margaric acid (C17:0), and stearic acid (C18:0); as well as unsaturated species such as linoleic acid (C18:2n6c), dihomo-γ-linolenic acid (C20:3n6), arachidonic acid (peroxide free) (C20:4n6), and eicosapentaenoic acid (C20:5n3) (Table 1).




2.2. RNA Sequencing and Identification of DEGs in LD of Wandong Cattle


In this study, RNA sequencing technology was used on the gene expression disparities in the longissimus dorsi (LD) muscle tissues of the HF (H1, H2, H3) and LF (L1, L2, L3) groups of Wandong cattle. The findings demonstrated that the LF and HF groups possessed sequencing data ranging from 45, 722, 634 to 48, 466, 588 and 42, 850, 892 to 57, 277, 954, respectively. The GC content of the data was predominantly around 50%, and the Q30 values were all above 93.02% (Table 2). Principal component analysis (PCA) was employed to reveal that the first principal component (PC1) and the second principal component (PC2) accounted for 90.9% and 9% of the total variance, respectively.



The HF and LF groups exhibited distinct clusters (Figure 1A). A total of 9164 differentially expressed genes (DEGs) (FC ≥1.2, p < 0.05) were detected, with 2202 genes up-regulated and 6962 genes down-regulated in the HF group compared to the LF group (Figure 1B,C). Hierarchical clustering results indicated significant differences in the expression profiles of genes between the two groups (Figure 1D). GO enrichment analysis was performed to identify the DEGs that were significantly enriched in 25 items (p < 0.05). The significantly enriched biological processes were mainly related to biological regulation and the regulation of biological process, etc.; the significantly enriched molecular functions were mainly related to binding and catalytic activity, etc.; and the significantly enriched cellular components were mainly related to cell, cell parts, etc. (Figure 1E,F).



KEGG pathway analysis revealed that the DEG were enriched in 341 pathways. During these DEGs, some genes related to lipid metabolism were quantified, such as PPARGC1A, PPARG, SCD, SREBF1, CD36, LIPE, LEP, FAS, LPL, ACSL1, and FABP1 (Figure 2A). These genes primarily participated in signaling pathways, including the AMPK signaling pathway (ko04152), MAPK signaling pathway (ko04010), PPAR signaling pathway (ko03320), cholesterol metabolism (ko04979), and other metabolic pathways (Figure 2B).




2.3. Metabolite Data Analysis in IMF of Wandong Cattle


Analysis of the metabolomic data demonstrated that PCA revealed distinct intra-group clustering and inter-group separation: HF and LF samples were segregated in both positive ion (PC1: 35.3%, PC2: 7.7%; Figure 3A) and negative ion modes (PC1: 35.0%, PC2: 7.4%; Figure 3D). Orthogonal partial least squares-discriminant analysis (OPLS-DA) modeling was employed to identify differential accumulated metabolites (DAMs), with permutation tests confirming significant group discrimination (p < 0.05). The positive-ion model yielded R2X = 0.514 and R2Y = 0.99 (Figure 3B,C), while the negative-ion model produced R2X = 0.566 and R2Y = 0.991 (Figure 3E,F).



Distinct metabolic profiles between HF and LF groups were thereby established. In the negative ion mode, 1035 metabolites were identified, with 217 exhibiting significant abundance discrepancies between high and low frequency samples; among these, 128 were up-regulated and 89 were down-regulated (Figure 4A,B). The permutation test results in negative ion mode demonstrate that the original model comparing the high and low groups is robust and exhibits no signs of overfitting (Figure 4C). In the positive ion mode, 1126 metabolites were detected, with 187 showing significant differences in abundance between high and low frequency samples. Specifically, 119 were up-regulated and 68 were down-regulated (Figure 4D,E). Similarly, the permutation test conducted in the positive ion mode corroborated the findings of the original model, demonstrating that it exhibited robust separation between the high and low groups, with no indication of overfitting (Figure 4F).



Among all the detected metabolites, the results showed that there were 26 DAMs associated with lipid metabolism, of which 16 were found in the positive ionic mode, mainly including L-palmitoylcarnitine and oleoyl-L-carnitine, etc. (Figure 5A). 10 were found in the negative ionic mode, mainly including C20:4n6, C16:1, and Oleic acid, etc. (Figure 5B). Enrichment by KEGG showed that DAMs in the positive mode pattern were significantly enriched in glycerophospholipid metabolism, ether lipid metabolism, carbohydrate digestion and absorption, fatty acid metabolism, and fatty acid degradation (Figure 5C). In the negative ion mode (Figure 5D), the DAMs enriched pathways including the biosynthesis of terpenoids and steroids, the citrate cycle (TCA cycle), fructose and mannose metabolism, ABC transporters, and carbon metabolism.




2.4. Integrated Analysis of DEGs and DAMs in IMF of Wandong Cattle


In order to resolve the coupling between the transcriptome and metabolome, a bidirectional O2PLS model was constructed. The O2PLS joint loading plot revealed a synergistic distribution of transcriptome and metabolome variables on the shared components, and the clustering of the HF and LF group samples was clearly distinguished, which suggests that the two histologies are tightly related (Figure 6A). Correlation analysis and clustering of genes and metabolites from different samples revealed a significant clustering trend between the HF and LF group samples (Figure 6B). Venn diagram analysis showed 140 KEGG pathways to be jointly enriched by the transcriptomic and metabolomic datasets, whereas 201 and 28 pathways were uniquely captured by the transcriptome and metabolome, respectively (Figure 6C). Among the shared pathways, six displayed significant enrichment (p < 0.05) and were directly related to lipid metabolism: fatty acid biosynthesis, fatty acid degradation, biosynthesis of unsaturated fatty acids, glycerophospholipid metabolism, glycerolipid metabolism, and arachidonic acid metabolism (Figure 6D). The DEGs and DAMs involved in these pathways were subsequently overlaid on the corresponding KEGG network diagrams (Figure 7). In the unsaturated fatty acid biosynthesis pathway, SCD, SCD5, ACOX1, ELOVL5, HSD17B12, and others were identified as DEGs, whereas C18:1n9c and C20:4n6 were detected as the principal DAMs. For fatty acid biosynthesis, ACSL4, ACSL6, and ACSL1 were found to be differentially expressed, with C16:1, C14:0, and C18:1n9c serving as the key discriminant metabolites. Within fatty acid degradation, 23 genes—including ACSL3, HADHB, ACSL6, ACOX1, ACSL5, ACAA2, ACSL4, ACSL1, and others—were differentially expressed, with l-palmitoylcarnitine identified as the primary metabolite marker. In the arachidonic acid metabolism signaling pathway, 27 genes—among them HPGDS, PLA2G2A, FAM213B, and others—were found to be differentially expressed, alongside Prostaglandin a2, 5s-hydroxy-6e,8z, 11z,14z-eicosatetraenoic acid, and C20:4n6 as the principal metabolites. Within glycerolipid metabolism, 26 genes—including PPAP2C, LIPG, LPIN3, MBOAT1, PPAP2A, PPAP2B, and others—were differentially expressed, with 3-phospho-D-glycerate and glyceric acid representing the key metabolites. Finally, in glycerophospholipid metabolism, 45 genes—among them, PPAP2C, GPD2, LPIN3, GPD1, MBOAT1, CDS2, PPAP2A, PPAP2B, MBOAT2, and more—were differentially expressed, together with 1-stearoyl-2-hydroxy-sn-glycero-3-phosphocholine, acetylcholine, choline, glycerophosphocholine, triethanolamine, and dl-serine as the primary discriminant metabolites (Table 3).



Analysis of the genes and metabolites involved in the six significantly different KEGG signaling pathways jointly enriched by the transcriptomic and metabolomic datasets revealed pronounced, directional modulation of key metabolites within the LD of Wandong cattle. Relative to the LF group, triethanolamine, prostaglandin a2 and l-palmitoylcarnitine were significantly downregulated (Figure 8A). Conversely, oleic acid, cis-9-palmitoleic acid, acetylcholine, c14:0, glyceric acid, glycerophosphocholine, 3-phospho-d-glycerate, arachidonic acid (peroxide free), 5s-hydroxy-6e,8z,11z,14z-eicosatetraenoic acid, 1-stearoyl-2-hydroxy-sn-glycero-3-phosphocholine, choline, and dl-serine were significantly upregulated (Figure 8A). In the HF of Wandong cattle, marked transcriptional reprogramming was observed; ACSL1, ACSL3, ACSL4, ACSL6, SCD, SCD5, FADS1, FADS2, ELOVL5, ELOVL6, HADHA, ACOX1, LPL, MBOAT1, and additional loci were significantly down-regulated, whereas CYP4F2, PLA2G15, GPAT2, PPAP2C, EPHX2, LPIN3, TAZ, LCAT, ACHE, ACSBG1, PTGDS, PTGES2, GCDH, PLA2G2A, GPD1, MGLL, FADS2, PNPLA2, AGPAT2, PCYT2, LPCAT4, PTDSS2, ECHS1, and further genes were significantly up-regulated (Figure 8B). Pearson correlation analyses (|r| > 1, p < 0.05) were performed between metabolites and genes mapped to fatty acid biosynthesis and the biosynthesis of unsaturated fatty acid. C18:1n9c was significantly positively correlated with LPIN3; metabolites spanning five additional KEGG pathways—namely choline, dl-serine, 5s-hydroxy-6e,8z,11z,14z-eicosatetraenoic acid, 1-stearoyl-2-hydroxy-sn-glycero-3-phosphocholine, glycerophosphocholine, acetylcholine, arachidonic acid (peroxide free), cis-9-palmitoleic acid, glyceric acid, and 3-phospho-d-glycerate—were significantly negatively correlated with PPAP2B, PPAP2A, CDS2, HADHA, LPL, HSD17B12, ELOVLS, ACOX1, etc. Meanwhile, positive correlations were observed with PLA2G15, CDIPT, ACBSBG1, GPD1, etc.; l-palmitiylcarnitine, prostaglandin a2, and triethanolamine were significantly negatively correlated with AKR1B1, GCDH, PLA2G2A, LCAT, CDIPT, PTGDS, ACBSBG1, PTGES2, GDI1, MGLL, PNPLA2, FADS2, ECHS1, LPCAT4, AGPAT2, PDSS2, MCAT, and PCYT2, yet were significantly positively correlated with ELOVLS, PPAP2B, HADHA, CDS2, LIPG, MBOAT2, PPAP2A, ALOX5, ELOVL6, SCD5, SCD, ACAA2, ACOX1, LPL, etc. (Figure 8C).





3. Discussion


IMF content is a critical determinant of meat quality [22]. This association between IMF content and the fatty acid profile has been observed across species such as cattle [23] and sheep [24], suggesting the existence of a conserved biological mechanism. Our systematic examination of the HF and LF groups revealed a significant increase in MUFAs and a relative decrease in polyunsaturated fatty acids (PUFAs) in the HF group. This trend aligns with the MUFA enrichment documented in high IMF by Jeong et al. [25]. Additionally, Dávila-Ramírez et al. [26] noted that a reduction in lamb IMF was associated with lower MUFA levels, further supporting our findings. Specifically, we observed a significant enrichment of C18:1n9c and C16:1, accompanied by a notable reduction in C18:3n3 and C18:3n6 in the HF group. This compositional profile is consistent with studies conducted by Realini et al. [27] and Huang et al. [28]. The effect of IMF content on fatty acid profiles may arise from a more rapid accumulation of MUFAs relative to PUFAs as intramuscular adiposity increases [28], a trend that aligns with our findings. Although factors such as age, sex, and diet may affect IMF deposition, all experimental animals in this study were raised under uniform grazing conditions and shared similar biological backgrounds. Consequently, the observed inter-group differences are likely due to intrinsic molecular regulatory mechanisms rather than external environmental influences. This perspective is supported by prior research. For example, a study demonstrated that supplementing pigs’ diets with isoleucine could suppress AMPK phosphorylation and enhance the expression of lipid-related genes such as SCD, FAS, and FABP4, leading to elevated levels of both MUFAs and IMF [29]. This underscores the crucial function of genes like SCD1, which facilitate the conversion of SFAs into MUFAs. A deeper understanding of these molecular mechanisms could ultimately enhance the meat quality of Wandong cattle through targeted exploration of IMF regulation.



In addition, given intricate regulation of IMF deposition by a network of genes and signaling pathways [30,31], the present study conducted a thorough analysis of the transcriptomic profiles of the two groups in question. Transcriptomic analysis identified 9164 DEGs between the HF and LF groups, with 2202 being up-regulated and 6962 down-regulated. Among these DEGs, certain key genes associated with lipid metabolism displayed distinct expression patterns, suggesting the potential direct regulation of IMF deposition and the fatty acid profile. The SREBF1 binds sterol-regulatory elements in target promoters and governs the synthesis of fatty acids, phospholipids, and triglycerides [32,33,34]. FABP1, a liver-specific fatty acid-binding protein, is crucial in regulating lipid storage and distribution [35]. FABP1 primarily facilitates bovine fat accumulation by promoting increased synthesis and release of triglycerides and very-low-density lipoproteins [36]. ACSL1 catalyzes the conversion of long-chain fatty acids to acyl-CoA esters in bovine adipocytes, thereby promoting triglyceride synthesis and adipogenesis [37,38]. LEP-induced activation of AMPK via CAMKK2 results in the suppression of adipogenesis genes and a concomitant reduction in IMF [39]. Deng et al. [40] found that differences in IMF deposition in yaks were attributed to lipid metabolism genes such as SFRP4, FABP4, GADD45A, PDGFRA, RBP4, and DGAT2. Zhao et al. [41] similarly demonstrated that ACSL1 promotes the synthesis of PUFAs and up-regulates the expression of PPARγ, FABP3, ACLY, SCD1, and FASN. This suggests that the elevated levels of PUFAs observed in the LF group compared to the HF group in this study may be attributable to the up-regulation of lipid metabolism genes by ACSL1. Moreover, SCD1 silencing decreases triglycerides, cholesterol, and the desaturation index, and down-regulates SREBF1, FAS, FABP3, and FABP4. These findings suggest that variations in IMF are associated with the genes involved in adipocyte differentiation, lipid storage, and utilization. Cheng et al. [42] and Samovski et al. [38] found that SREBF1, PPARG, and CD36 were co-expressed within the AMPK and PPAR signaling pathways, influencing IMF content by promoting anabolic processes and inhibiting catabolic pathways. Tian et al. [43] also mechanistically confirmed that berberine activates AMPK, suppresses SREBF1 and SCD1, and consequently inhibits cholesterol synthesis and hepatic steatosis in mice. Conversely, elevated ACSL1 expression impairs fatty-acid β-oxidation via PPARγ and enhances triglyceride accumulation [44]. These findings collectively suggested that the deposition of IMF and the variation in the fatty acid profile in Wandong cattle are co-regulated by a network centered on key lipid metabolism genes via AMPK/PPAR signaling pathways.



Metabolomic profiling identified 404 DAMs. Within the 26 lipid-related DAMs identified, crucial UFAs such as MUFAs C16:1 and C18:1n9, as well as the PUFA C20:4n6, were notably increased in the HF group. The elevated levels of circulating MUFAs (C18:1n9c and C16:1) and PUFAs (C20:4n6/C18:3n6) are well-known for their cardioprotective properties in humans [45]. C16:1 is a colorless, water-insoluble lipid factor that effectively modulates systemic lipid metabolism [46]. Feyera et al. [47] demonstrated that increased C16:1 raises plasma triglyceride concentrations in growing piglets, thereby enhancing growth and cold tolerance. C18:1n9c stabilizes lipid droplets; its proportion is significantly higher in the LD muscle of boars than in other adipose depots [48] and it stimulates intramyocardial lipogenesis in cattle [46]. Mechanistically, C18:1n9c activates PPARα, promotes lipolysis and ameliorates hepatic steatosis in Angus bulls [49]. Furthermore, the incorporation of 0.05% C20:4n6 into the parental diet has been shown to optimize the serum lipid profile and liver fatty acid profile of the descendant; this is achieved through the regulation of lipid metabolism-related pathways, significant inhibition of liver fat deposition, and maintenance of lipid homeostasis and metabolic health [50]. The findings of this study indicate that C16:1, C18:1n9c, and C20:4n6, among other metabolites, function as key fatty acids involved in the maintenance of lipid homeostasis through the lipid metabolism pathway in Wandong cattle.



Integrative transcriptomic and metabolomic profiling identified 140 differentially regulated metabolic pathways, among which several key lipid metabolic pathways were prominent. Specifically, the results of the study indicated that C18:1n9c was enriched in the fatty acid biosynthesis and biosynthesis of unsaturated fatty acids pathways. Furthermore, C20:4n6 is predominantly concentrated in the biosynthetic pathway of unsaturated fatty acids. This 20-carbon polyunsaturated fatty acid, characterized by four double bonds, is crucial for maintaining the fluidity and flexibility of biological cell membranes. Notably, C20:4n6 exhibits a strong inverse relationship with the ACSL family, which is primarily involved in fatty acid metabolism, degradation, and biosynthesis pathways. Previous research has shown that polyunsaturated fatty acids, including C20:4n6, serve as substrates for isoforms like ACSL1 and ACSL4, playing a critical role in lipid peroxidation reactions [51]. These findings suggest that the ACSL family may facilitate the catalysis of polyunsaturated fatty acids such as C20:4n6, thereby activating signaling pathways related to fatty acid degradation. Consequently, this process leads to fatty acid oxidation, influencing variations in beef texture and fat content in Wandong cattle. Concurrently, a significant positive correlation was observed between C18:1n9c and LPIN3, a key regulator of lipocalin known for its role in Mg2+-dependent phosphatidic acid phosphatase activity in lipid metabolism [52]. LPIN3, functioning as a PPAR transcription factor, has been demonstrated to enhance adipose tissue differentiation and fat deposition in sheep [53]. Our study highlights the predominant association of LPIN3 with glycerophospholipid and glycerolipid metabolic pathways, indicating a potential mechanism by which C18:1n9c may stimulate transcription factors to upregulate LPIN3 expression. Elevated levels of LPIN3, in turn, play a crucial role in modulating C18:1n9c metabolism and promoting lipid synthesis and storage through its pivotal functions in these metabolic pathways. C16:1 exhibited a significant negative correlation with adipose regulators, including LIPC, the ACSL family, SCD1, ELOVL6, FADS1, and ACOX1. This led to the hypothesis in this study that elevated C16:1 levels would decrease the expression of these genes, consequently impacting the accumulation of MUFAs. This observation contrasts with the findings of Zhang et al. [54] in goats, suggesting a potential species-specific regulatory mechanism. Notably, the SCD1 and SCD genes play a role in lipid homeostasis through the AMPK signaling pathway. Acting as an upstream gene of SCD, SREBF1 is also enriched in the AMPK signaling pathway and participates in the regulation of lipid synthesis. It was postulated that SREBF1 would exhibit a negative correlation with C16:1 and regulate lipid synthesis-related genes downstream by inhibiting their expression. De et al. [55] demonstrated that in mice on a high-fat diet, C16:1 enhances glucose uptake and inhibits lipid synthesis by promoting AMPK phosphorylation, increasing glucokinase expression, and reducing SREBF levels. The implication here is that C16:1 potentially modulates lipid metabolism by serving as a mediator in the AMPK signaling pathway to regulate adipokines like SCD, a downstream target of SREBF1. However, additional investigation is necessary to elucidate the precise mechanism in Wandong cattle and to explore the involvement of SREBF1 in the C16:1 mediated lipid metabolism regulation more comprehensively. Essentially, the differences in IMF content in Wandong cattle may be related to specific fatty acids such as C18:1n9c and C16:1. Through integrated analysis, it was found that key signaling pathways such as PPAR and AMPK affected lipid metabolism processes such as fatty acid degradation and glycerophospholipid metabolism by mediating the expression of lipid metabolization-related genes such as SREBF1, SCD, and ACSL1, ultimately leading to changes in IMF content and fatty acid profile in Wandong cattle. While this study has elucidated the underlying reasons for the IMF differences in Wandong cattle, further validation is essential to delineate the specifics, thus establishing a novel theoretical framework for understanding the molecular regulation of lipid metabolism in ruminants.




4. Materials and Methods


4.1. Animals and Sample Collection


The experimental cattle in this study were sourced from smallholder farms in Fengyang County, Anhui Province, China, and consisted of purebred Wandong cattle. Thirteen animals were maintained in accordance with the Farmers’ Free Range Management program. Eight cattle with an average age of 3–4 years and a body weight of approximately 875.00 ± 40.09 kg were selected from the initial cohort. Based on IMF content determined by Soxhlet extraction, they were divided into a high-IMF group (HF, n = 4) and a low-IMF group (LF, n = 4). The cattle were fasted for 24 h before slaughter. The slaughtering process complied with the national standard operating procedures (GB/T 19477-2018, Cattle Slaughtering, China). During the slaughtering process, approximately 500 g of LD muscle samples were collected from the left side between the 12th and 13th ribs from each animal. Each sample was then divided into several portions for different analyses: a 20 g portion was sealed and stored at −80 °C for fatty acid determination; separate 10g portions were rapidly frozen in liquid nitrogen and stored at −80 °C for subsequent transcriptomic and metabolomic sequencing; the remaining samples were similarly pre-cooled in liquid nitrogen before transfer at −80 °C for preservation.




4.2. Lipid and Fatty Acid Contents in the LD Muscle


IMF content was quantified following GB 5009.6-2016 (Method I, National Food Safety Standard of China). Homogenized samples (1.00 ± 0.01 g) underwent Soxhlet extraction with anhydrous diethyl ether (85 ± 2 °C, 8 h). Fatty acid contents were analyzed by following GB 5009.168-2016 (Method III, National Food Safety Standard of China). Summarily, lipids were acid-hydrolyzed (8.3 mol/L HCl, N2, 70–80 °C, 40 min), ether-extracted, and converted to methyl esters via sequential saponification (0.2% NaOH-MeOH) and methylation (15% BF3-MeOH). Fatty acid methyl esters were separated on an HP-88 capillary column (100 m × 0.25 mm × 0.20 μm) with programmed heating (from 100 °C to 230 °C at 4° C/min), identified against certified standards, and quantified by peak-area normalization. Based on the IMF content, the samples were stratified into HF (17.42 ± 2.37) % content and LF (10.73 ± 2.37) % content groups for downstream analyses.




4.3. Transcriptome Sequencing and Analysis


Total RNA was extracted from LD using Trizol reagent (Invitrogen). To obtain a representative sample and minimize individual variation, LD muscles from four cattle in each group (HF and LF) were pooled and thoroughly homogenized to create one biological replicate. Total RNA was then extracted from this pooled homogenate, and three technical replicates (HF: H1, H2, H3; LF: L1, L2, L3) were generated in parallel for subsequent library construction and sequencing to ensure technical reliability. RNA integrity was verified spectrophotometrically (NanoDrop 2000 Thermo Fisher Scientific Co., Ltd., Madison, WI, USA). Sequencing libraries were prepared with mRNA enrichment, fragmentation, and cDNA synthesis, followed by adapter ligation and PCR amplification. Paired-end sequencing (150 bp) was performed on the Illumina NovaSeq X Plus platform (GeneDenovo Biotechnology Co., Ltd., Guangzhou, China). DEGs were determined using Omicsmart with thresholds of FC ≥ 1.2 and adjusted p < 0.05. Functional enrichment (GO, KEGG) and PCA were subsequently conducted.




4.4. Metabolomics Sequencing and Analysis


The samples (thawed at 4 °C) were extracted in a cold methanol/acetonitrile/water (2:2:1) solution, sonicated (30 min, 4 °C), incubated (−20 °C, 10 min), and then subjected to centrifugation (14,000× g, 20 min). Dried extracts were reconstituted in a mixture of acetonitrile and water (1:1) for HILIC-UHPLC analysis (HILIC column, 25 °C, 0.5 mL/min) using an acetonitrile/water gradient containing 25 mM ammonium acetate-ammonia. The initial composition of the gradient was 95% acetonitrile (0–0.5 min), decreasing to 65% at 7 min, then further decreasing to 40% at 9 min (maintained to 12 min) and returning to 95% at 12 min (maintained to 15 min). The high-resolution MS was conducted on an Orbitrap Exploris 48 instrument (GeneDenovo Biotechnology Co., Ltd., Guangzhou, China), operating at a resolution of 60,000 (m/z 70–1200) with ESI voltages set to +3500 V (positive) and –2800 V (negative). The XCMS-processed data were then subjected to K-nearest neighbor imputation, outlier removal, and total area normalization. The DEGs were determined by means of Omicsmart, with a defined VIP ≥ 0.8 and p < 0.05. The significance of KEGG pathway enrichment was determined by means of hypergeometric tests.




4.5. Joint Analysis of Metabolome and Transcriptome


Integrated metabolomic and transcriptomic analyses were performed using orthogonal partial least squares (O2PLS) and Pearson correlation analysis to characterize associations between the transcriptome and metabolome. All computations were conducted on the Omicsmart platform (https://www.omicsmart.com, accessed on 6 June 2025). Networks visualizing associations between DEGs and DAMs were also constructed using the same platform.




4.6. Statistical Analysis


Statistical analysis was performed using SPSS version 21.0, employing the independent two-sample t-test for IMF content and one-way analysis of variance (ANOVA) for fatty acid data. All data obtained from a sample size of n = 4 per group are presented as the mean and Standard Error of Mean (SEM). Significance was defined as a p < 0.05. For transcriptomic data, PCA was employed, while OPLS-DA was used for metabolomic data analysis. A model for visualizing the network relationships between DEGs and DAMs was constructed utilizing the Omicsmart platform.





5. Conclusions


This study revealed that variations in the IMF content and fatty acid profile in Wandong cattle, characterized by elevated levels of MUFAs such as C18:1n9c and C16:1, are closely linked to critical signaling pathways, including PPAR, AMPK, MAPK, and FoxO. The integrated metabolomic and transcriptomic analyses indicated that these pathways regulate essential lipid metabolic processes, including glycerophospholipid and fatty acid metabolism, by modulating the expression of key genes (SREBF1, ACSL1, SCD, FADS1), thereby collectively influencing IMF content. The findings of this study enhance our understanding of the molecular mechanisms underlying IMF formation in Wandong cattle. This knowledge provides a theoretical foundation and identifies promising candidate genes for molecular marker-assisted breeding.







Author Contributions


Conceptualization: K.J. and J.H.; Methodology: F.H., H.L., Y.Y., Z.Q. and X.L. (Xinye Li); Software: F.H., X.L. (Xiaokang Lv) and Z.Q.; Formal analysis: F.H., H.L. and C.C.; Investigation: F.H., Y.Y. and X.L. (Xinye Li); Data curation: F.H., K.J., C.C. and X.L. (Xiaokang Lv); Writing—original draft: F.H. and K.J.; Project administration: K.J. and J.H.; Funding acquisition: K.J. and J.H. All authors have read and agreed to the published version of the manuscript.




Funding


The present study received financial support from the Key Natural Science Research Project of the Anhui Provincial Higher Education Institution (2023AH051848), the Anhui Province Beef Cattle Breeding Joint Research Project ([2021] 1146), the Anhui Province Excellent Scientific Research and Innovation Team—Grass eating Livestock Resource Utilization and Health Technology Innovation Team (2023AH010061), the Anhui Province University Collaborative Innovation Project—Selection, Breeding, Hybrid Utilization System Establishment of Local Beef Cattle Breeds (GXXT-2023-045), the Innovation Funds for Undergraduate Students of Anhui Province (S202310879057), and the Anhui Provincial Science and Technology Special Commissioners Empower the “Straw-to-Meat” and Beef Cattle Revitalization Project ([202513b10050003]).




Institutional Review Board Statement


This study was implemented in line with the recommendations for animal care and ethics in China. All animal experiments were allowed by the Animal Ethics and Welfare Committee of the College of Animal Science, Anhui Science and Technology University (Approval code: 2025089, Approval Date: 1 January 2025). The study was conducted in accordance with the local legislation and institutional requirements.




Informed Consent Statement


Written informed consent has been obtained from the owners of the animals participating in this study.




Data Availability Statement


The data presented in this study are available on request from the corresponding author.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Felderhoff, C.; Lyford, C.; Malaga, J.; Polkinghorne, R.; Brooks, C.; Garmyn, A.; Miller, M. Beef Quality Preferences: Factors Driving Consumer Satisfaction. Foods 2020, 9, 289. [Google Scholar] [CrossRef]

	



Thompson, J.M. The effects of marbling on flavour and juiciness scores of cooked beef, after adjusting to a constant tenderness. Aust. J. Exp. Agric. 2004, 44, 645–652. [Google Scholar] [CrossRef]

	



Tan, Z.; Jiang, H. Molecular and Cellular Mechanisms of Intramuscular Fat Development and Growth in Cattle. Int. J. Mol. Sci. 2024, 25, 2520. [Google Scholar] [CrossRef] [PubMed]

	



Chen, F.-F.; Wang, Y.-Q.; Tang, G.-R.; Liu, S.-G.; Cai, R.; Gao, Y.; Sun, Y.-M.; Yang, G.-S.; Pang, W.-J. Differences between porcine longissimus thoracis and semitendinosus intramuscular fat content and the regulation of their preadipocytes during adipogenic differentiation. Meat Sci. 2019, 147, 116–126. [Google Scholar] [CrossRef] [PubMed]

	



Guo, Y.; Guo, X.; Deng, Y.; Cheng, L.; Hu, S.; Liu, H.; Hu, J.; Hu, B.; Li, L.; He, H.; et al. Effects of different rearing systems on intramuscular fat content, fatty acid composition, and lipid metabolism–related genes expression in breast and thigh muscles of Nonghua ducks. Poult. Sci. 2020, 99, 4832–4844. [Google Scholar] [CrossRef]

	



Schettini, G.P.; Peripolli, E.; Alexandre, P.A.; dos Santos, W.B.; Pereira, A.S.; de Albuquerque, L.G.; Baldi, F.; Curi, R.A. Transcriptome Profile Reveals Genetic and Metabolic Mechanisms Related to Essential Fatty Acid Content of Intramuscular Longissimus thoracis in Nellore Cattle. Metabolites 2022, 12, 471. [Google Scholar] [CrossRef]

	



Frezarim, G.B.; Mota, L.F.M.; Fonseca, L.F.S.; Salatta, B.M.; Arikawa, L.M.; Schmidt, P.I.; Silva, D.B.S.; Albuquerque, L.G. Multi-omics integration identifies molecular markers and biological pathways for carcass and meat quality traits in Nellore cattle. Sci. Rep. 2025, 15, 10467. [Google Scholar] [CrossRef]

	



Ning, Y.; Zhang, L.; Wang, W.; Wu, S. Effect of genetic variants in the SMAD1 and SMAD5 genes promoter on growth and beef quality traits in cattle. Gene 2022, 819, 146220. [Google Scholar] [CrossRef]

	



Hu†, P.F.; Li†, X.C.; Wang, Z.Y.; Guan, W.J.; Ma, Y.H. Construction and Characterization of a cDNA Expression Library from the Endangered Jinnan Cattle. Life Sci. J. 2014, 13, 9019–9023. [Google Scholar]

	



Cai, H.; Lan, X.; Li, A.; Zhou, Y.; Sun, J.; Lei, C.; Zhang, C.; Chen, H. SNPs of bovine HGF gene and their association with growth traits in Nanyang cattle. Res. Vet. Sci. 2013, 95, 483–488. [Google Scholar] [CrossRef]

	



Hu, M.; Shi, L.; Yi, W.; Li, F.; Yan, S. Identification of genomic diversity and selection signatures in Luxi cattle using whole-genome sequencing data. Anim. Biosci. 2024, 37, 461–470. [Google Scholar] [CrossRef] [PubMed]

	



Li, R.; Zhu, R.; Yang, X.; Feng, Y.; He, Q.; Wang, H.; Liu, Q.; Shi, D.; Huang, J. The role of lncFABP4 in modulating adipogenic differentiation in buffalo intramuscular preadipocytes. Anim. Sci. J. 2024, 95, e13951. [Google Scholar] [CrossRef] [PubMed]

	



Ma, Z.; Wang, Y.; Shen, J.; Yan, W.; Cao, C.; Feng, M.; Zhu, J.; Pang, W. Overexpression of ALDOC Promotes Porcine Intramuscular and Intermuscular Fat Deposition by Activating the AKT-mTORC1 Signaling Pathway. J. Agric. Food Chem. 2024, 72, 23893–23907. [Google Scholar] [CrossRef] [PubMed]

	



Fu, R.; Zhang, H.; Chen, D.; Tian, G.; Zheng, P.; He, J.; Yu, J.; Mao, X.; Huang, Z.; Pu, J.; et al. Long-Term Dietary Supplementation with Betaine Improves Growth Performance, Meat Quality and Intramuscular Fat Deposition in Growing-Finishing Pigs. Foods 2023, 12, 494. [Google Scholar] [CrossRef]

	



Kang, L.; Li, X.; Zhao, X.; Liu, T.; Jin, Y.; Duan, Y. Effects of L-arginine supplementation on fat deposition and meat quality in growing lambs: Interactions with gut microbiota and metabolic signalling pathways. Food Chem. 2025, 479, 143677. [Google Scholar] [CrossRef]

	



Geng, G.D.; Zhao, B.M.; Wu, Y.; Zhao, Y. Construction and development of the breeding farm of ‘Wandong cattle’. Chin. Livest. Poult. Breed. 2015, 11, 57–59. [Google Scholar]

	



Liu, H.Y.; Wang, L.S.; Wang, H.; Liu, Y.; Han, C.Y.; Cai, Z.H.; Ning, K.J.; Ling, Y.H.; Tu, X.L.; Zhang, X.R.; et al. Investigation Report on Genetic Resources of Wandong Cattle. China Cattle Sci. 2015, 41, 52–56+62. [Google Scholar]

	



Li, D.W. Studies of Genetic Resources, Beef nutrition, and Processing Characteristic of Wandong Cattle. Master’s Thesis, Anhui Agricultural University, Hefei, China, 2015. [Google Scholar]

	



Li, Y.B.; Jiang, Q.F.; Chen, Y.F.; Li, D.S.; Zhao, W.; Tong, L.J.; Gu, Y.L.; Zhang, J. Metabolomics-based Analysis of the Effects of Different Months of Age on Quality and Flavor of Angus Beef. Acta Agric. Boreali-Sin. 2024, 39, 289–297. [Google Scholar]

	



Hua, J.L.; Yu, F.Y.; Guo, L.; Fu, J.W. Polymorphism of CAPN1 and CAST genes in Wandong cattle and correlation with meat quality traits. J. Northeast Agric. Univ. 2019, 39, 1381–1384+1398. [Google Scholar]

	



Zhang, X.; Li, F.; Peng, L.; Huang, W.; Du, Y.; Yang, L.; Zhou, Y. Integrated multi-omics analysis of metabolome and transcriptome profiles during bovine adipocyte differentiation reveals functional divergence of FADS2 isoforms in lipid metabolism regulation. BMC Genom. 2025, 26, 457. [Google Scholar] [CrossRef]

	



Mao, Y.; Hopkins, D.L.; Zhang, Y.; Li, P.; Zhu, L.; Dong, P.; Liang, R.; Dai, J.; Wang, X.; Luo, X. Beef quality with different intramuscular fat content and proteomic analysis using isobaric tag for relative and absolute quantitation of differentially expressed proteins. Meat Sci. 2016, 118, 96–102. [Google Scholar] [CrossRef] [PubMed]

	



Joo, S.-T.; Joo, S.-H.; Hwang, Y.-H. The Relationships between Muscle Fiber Characteristics, Intramuscular Fat Content, and Fatty Acid Compositions in M. longissimus lumborum of Hanwoo Steers. Korean J. Food Sci. Anim. Resour. 2017, 37, 780. [Google Scholar] [CrossRef] [PubMed]

	



Yao, D.; Su, R.; Zhang, Y.; Wang, B.; Hou, Y.; Luo, Y.; Sun, L.; Guo, Y.; Jin, Y. Impact of dietary Lactobacillus supplementation on intramuscular fat deposition and meat quality of Sunit sheep. J. Food Biochem. 2022, 46, e14207. [Google Scholar] [CrossRef] [PubMed]

	



Jeong, J.-Y.; Jeong, T.-C.; Yang, H.-S.; Kim, G.-D. Multivariate analysis of muscle fiber characteristics, intramuscular fat content and fatty acid composition in porcine longissimus thoracis muscle. Livest. Sci. 2017, 37, 13–20. [Google Scholar] [CrossRef]

	



Dávila-Ramírez, J.L.; Avendaño-Reyes, L.; Peña-Ramos, E.A.; Islava-Lagarda, T.Y.; Macías-Cruz, U.; Torrentera-Olivera, N.G.; Rojo-Rubio, R.; González-Ríos, H. Impact of zilpaterol hydrochloride and soybean-oil supplementation on intramuscular fat, fatty acid profile and cholesterol concentration in the longissimus muscle of male hair lamb under moderate heat-stress conditions. Anim. Prod. Sci. 2017, 58, 1932–1939. [Google Scholar]

	



Realini, C.E.; Pavan, E.; Purchas, R.W.; Agnew, M.; Johnson, P.L.; Bermingham, E.N.; Moon, C.D. Relationships between intramuscular fat percentage and fatty acid composition in M. longissimus lumborum of pasture-finished lambs in New Zealand. Meat Sci. 2021, 181, 108618. [Google Scholar] [CrossRef]

	



Huang, Z.; Yang, Y.; Lai, J.; Chen, Q.; Wang, X.; Wang, S.; Li, M.; Lu, S. Identification of Key Genes Related to Intramuscular Fat Content of Psoas Major Muscle in Saba Pigs by Integrating Bioinformatics and Machine Learning Based on Transcriptome Data. Animals 2025, 15, 1181. [Google Scholar] [CrossRef]

	



Luo, Y.; Zhang, X.; Zhu, Z.; Jiao, N.; Qiu, K.; Yin, J. Surplus dietary isoleucine intake enhanced monounsaturated fatty acid synthesis and fat accumulation in skeletal muscle of finishing pigs. J. Anim. Sci. Biotechnol. 2018, 9, 88. [Google Scholar] [CrossRef]

	



Leal-Gutiérrez, J.D.; Elzo, M.A.; Johnson, D.D.; Hamblen, H.; Mateescu, R.G. Genome wide association and gene enrichment analysis reveal membrane anchoring and structural proteins associated with meat quality in beef. BMC Genom. 2019, 20, 151. [Google Scholar] [CrossRef]

	



Reis, V.A.; Reis, R.A.; Araújo, T.L.D.R.d.; Lage, J.F.; Teixeira, P.D.; Gionbelli, T.R.S.; Lanna, D.P.; Ladeira, M.M. Performance, beef quality and expression of lipogenic genes in young bulls fed low-fat dried distillers grains. Meat Sci. 2020, 160, 107962. [Google Scholar] [CrossRef]

	



Tian, H.; Luo, J.; Zhang, Z.; Wu, J.; Zhang, T.; Busato, S.; Huang, L.; Song, N.; Bionaz, M. CRISPR/Cas9-mediated Stearoyl-CoA Desaturase 1 (SCD1) Deficiency Affects Fatty Acid Metabolism in Goat Mammary Epithelial Cells. J. Agric. Food Chem. 2018, 66, 10041–10052. [Google Scholar] [CrossRef]

	



Zhao, Z.; Abbas Raza, S.H.; Tian, H.; Shi, B.; Luo, Y.; Wang, J.; Liu, X.; Li, S.; Bai, Y.; Hu, J. Effects of overexpression of ACSL1 gene on the synthesis of unsaturated fatty acids in adipocytes of bovine. Arch. Biochem. Biophys. 2020, 695, 108648. [Google Scholar] [CrossRef]

	



Lyu, C.-C.; Meng, Y.; Che, H.-Y.; Suo, J.-L.; He, Y.-T.; Zheng, Y.; Jiang, H.; Zhang, J.-B.; Yuan, B. MSI2 Modulates Unsaturated Fatty Acid Metabolism by Binding FASN in Bovine Mammary Epithelial Cells. J. Agric. Food Chem. 2023, 71, 20359–20371. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, Y.; Zhang, J.; Ren, Y.; Lu, R.; Yang, L.; Nie, G. Tracing the evolution of fatty acid-binding proteins (FABPs) in organisms with a heterogeneous fat distribution. FEBS Open Bio 2020, 10, 861–872. [Google Scholar] [CrossRef] [PubMed]

	



Wang, Y.; Tang, K.; Zhang, W.; Guo, W.; Wang, Y.; Zan, L.; Yang, W. Fatty acid-binding protein 1 increases steer fat deposition by facilitating the synthesis and secretion of triacylglycerol in liver. PLoS ONE 2019, 14, e0214144. [Google Scholar] [CrossRef]

	



Cheng, J.; Zhang, Y.; Ge, Y.; Li, W.; Cao, Y.; Qu, Y.; Liu, S.; Guo, Y.; Fu, S.; Liu, J. Sodium butyrate promotes milk fat synthesis in bovine mammary epithelial cells via GPR41 and its downstream signalling pathways. Life Sci. 2020, 259, 118375. [Google Scholar] [CrossRef]

	



Samovski, D.; Sun, J.; Pietka, T.; Gross, R.W.; Eckel, R.H.; Su, X.; Stahl, P.D.; Abumrad, N.A. Regulation of AMPK Activation by CD36 Links Fatty Acid Uptake to β-Oxidation. Diabetes 2014, 64, 353–359. [Google Scholar] [CrossRef]

	



Yu, S.; Yu, H.; Wang, J.; Liu, H.; Guo, J.; Wang, S.; Mei, C.; Zan, L. LEP inhibits intramuscular adipogenesis through the AMPK signaling pathway in vitro. FASEB J. 2024, 38, e23836. [Google Scholar] [CrossRef]

	



Deng, J.; Bao, P.; Li, N.; Kong, S.; Wang, T.; Zhang, M.; Yu, Q.; Cao, X.; Jia, J.; Yan, P. Integrated Multi-Omics of the Longissimus Dorsal Muscle Transcriptomics and Metabolomics Reveals Intramuscular Fat Accumulation Mechanism with Diet Energy Differences in Yaks. Biomolecules 2025, 15, 1025. [Google Scholar] [CrossRef]

	



Zhan, T.; Poppelreuther, M.; Ehehalt, R.; Füllekrug, J. Overexpressed FATP1, ACSVL4/FATP4 and ACSL1 Increase the Cellular Fatty Acid Uptake of 3T3-L1 Adipocytes but Are Localized on Intracellular Membranes. PLoS ONE 2012, 7, e45087. [Google Scholar] [CrossRef]

	



Cheng, J.; Xu, D.; Chen, L.; Guo, W.; Hu, G.; Liu, J.; Fu, S. CIDEA Regulates De Novo Fatty Acid Synthesis in Bovine Mammary Epithelial Cells by Targeting the AMPK/PPARγ Axis and Regulating SREBP1. J. Agric. Food Chem. 2022, 70, 11324–11335. [Google Scholar] [CrossRef] [PubMed]

	



Tian, H.; Niu, H.; Luo, J.; Yao, W.; Chen, X.; Wu, J.; Geng, Y.; Gao, W.; Lei, A.; Gao, Z.; et al. Knockout of Stearoyl-CoA Desaturase 1 Decreased Milk Fat and Unsaturated Fatty Acid Contents of the Goat Model Generated by CRISPR/Cas9. J. Agric. Food Chem. 2022, 70, 4030–4043. [Google Scholar] [CrossRef] [PubMed]

	



Ntambi, J.M. Dietary regulation of stearoyl-CoA desaturase 1 gene expression in mouse liver. J. Biol. Chem. 1992, 267, 10925–10930. [Google Scholar] [CrossRef]

	



Ma, Y.; Zha, J.; Yang, X.; Li, Q.; Zhang, Q.; Yin, A.; Beharry, Z.; Huang, H.; Huang, J.; Bartlett, M.; et al. Long-chain fatty acyl-CoA synthetase 1 promotes prostate cancer progression by elevation of lipogenesis and fatty acid beta-oxidation. Oncogene 2021, 40, 1806–1820. [Google Scholar] [CrossRef]

	



Gao, S.; Wang, J.-J.; Hu, G.-S. Optimizing the extraction and enrichment of plamitoleic acid from sea buckthorn fruit oil and evaluating its effect on alleviating insulin resistance. Food Sci. 2020, 41, 272–280. [Google Scholar]

	



Feyera, T.; Lashkari, S.; Johannsen, J.C.; Llauradó-Calero, E.; Zhe, L.; Theil, P.K.; Jensen, S.K. Supplementation of palmitoleic acid improved piglet growth and reduced body temperature drop upon cold exposure. J. Anim. Sci. 2023, 101, skad372. [Google Scholar] [CrossRef]

	



Shan, B.; Yan, M.; Yang, K.; Lin, W.; Yan, J.; Wei, S.; Wei, W.; Chen, J.; Zhang, L. MiR-218-5p Affects Subcutaneous Adipogenesis by Targeting ACSL1, a Novel Candidate for Pig Fat Deposition. Genes 2022, 13, 260. [Google Scholar] [CrossRef]

	



Talbot, N.A.; Wheeler-Jones, C.P.; Cleasby, M.E. Palmitoleic acid prevents palmitic acid-induced macrophage activation and consequent p38 MAPK-mediated skeletal muscle insulin resistance. Mol. Cell. Endocrinol. 2014, 393, 129–142. [Google Scholar] [CrossRef]

	



Xu, Q.; Wang, X.; Liu, Y.; Dong, X.; Zou, X. Parental dietary arachidonic acid altered serum fatty acid profile, hepatic antioxidant capacity, and lipid metabolism in domestic pigeons (Columba livia). Anim. Sci. J. 2021, 92, e13616. [Google Scholar] [CrossRef]

	



Jiang, Y.; Zhang, M.; Sun, M. ACSL4 at the helm of the lipid peroxidation ship: A deep-sea exploration towards ferroptosis. Front. Pharmacol. 2025, 16, 1594419. [Google Scholar] [CrossRef]

	



Donkor, J.; Zhang, P.; Wong, S.; O’Loughlin, L.; Dewald, J.; Kok, B.P.; Brindley, D.N.; Reue, K. A conserved serine residue is required for the phosphatidate phosphatase activity but not the transcriptional coactivator functions of lipin-1 and lipin-2. J. Biol. Chem. 2009, 284, 29968–29978. [Google Scholar] [CrossRef]

	



Jiao, X.-L.; Jing, J.-J.; Qiao, L.-Y.; Liu, J.-H.; Li, L.-A.; Zhang, J.; Jia, X.-L.; Liu, W.-Z. Ontogenetic Expression of Lpin2 and Lpin3 Genes and Their Associations with Traits in Two Breeds of Chinese Fat-tailed Sheep. Asian-Australas. J. Anim. Sci. 2016, 29, 333–342. [Google Scholar] [CrossRef]

	



Zhang, T.; Li, C.; Huang, L.; Song, N.; Cao, Y.; Loor, J.J.; Luo, J.; Shi, H. Regulation of Stearoyl-Coenzyme A Desaturase 1 by trans-10,cis-12 Conjugated Linoleic Acid via SREBP1 in Primary Goat Mammary Epithelial Cells. J. Agric. Food Chem. 2019, 67, 1463–1469. [Google Scholar] [CrossRef]

	



de Souza, C.O.; Teixeira, A.A.S.; Biondo, L.A.; Lima Junior, E.A.; Batatinha, H.A.P.; Rosa Neto, J.C. Palmitoleic Acid Improves Metabolic Functions in Fatty Liver by PPARα-Dependent AMPK Activation. J. Cell. Physiol. 2017, 232, 2168–2177. [Google Scholar] [CrossRef]








[image: Ijms 26 11557 g001] 





Figure 1. Differentially expressed genes in the HF group and LF group and GO enrichment analysis of differentially expressed genes. (A) PCA score plot of transcriptomes. (B) Histogram of differential gene expression statistics. (C) Volcano plot of differentially expressed genes. (D) Subgroup clustering analysis; red in the figure represents highly expressed genes, and blue represents lowly expressed genes. (E) GO enrichment of upregulated genes: biological processes (red, top 15), cellular components (green, top 5), and molecular functions (blue, top 5). (F) GO enrichment of downregulated genes: biological processes (red, top 15), cellular components (green, top 5), and molecular functions (blue, top 5). 
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Figure 2. Analysis of differential genes associated with lipid metabolism. (A) Cluster analysis heatmap. Red in the figure represents highly expressed genes, and blue represents lowly expression genes. (B) KEGG pathway enrichment analysis. The size of the circle corresponds to the number of genes enriched in the pathway, and the color intensity represents the -log10 (p-value), with red indicating higher statistical significance. 
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Figure 3. PCA and OPLS-DA of metabolites. (A) PCA score plot of metabolites in positive ion mode. (B) OPLS-DA used for multivariate statistical analysis in positive ion mode. (C) Permutation plot, in positive ion mode. The load range is −1 to 1. A load close to −1 or 1 indicates a strong influence of the variable on the component, while a load close to 0 indicates a weak influence. (D) PCA score plot of metabolites in negative ion mode. (E) OPLS-DA used for multivariate statistical analysis in negative ion mode. (F) Permutation plot in negative ion mode. The load range is −1 to 1. A load close to −1 or 1 indicates a strong influence of the variable on the component, while a load close to 0 indicates a weak influence. 
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Figure 4. Comparative analysis of metabolite alterations in positive and negative ion modes. Panels (A–C) and (D–F) display the results from the negative and positive ion modes, respectively. (A,D) Histogram of significantly altered metabolites showing upregulated (red) and downregulated (blue) counts (threshold: |log2FC|> 1, p < 0.05). (B,E) Volcano plots of metabolic fold-change (log2FC) against statistical significance (-log10(p-value)). Metabolites were considered significantly altered if they exceeded the thresholds of |log2FC| > 1, p < 0.05, and a VIP score > 0.8. (C,F) Hierarchical clustering heatmaps display the relative abundance patterns of the significantly differential metabolites across samples. 
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Figure 5. KEGG enrichment analysis of differentially expressed metabolites with lipid metabolism. (A) Differential metabolites related to lipid metabolism in positive ion mode. (B) Differential metabolites related to lipid metabolism in negative ion mode. (C) KEGG pathway enrichment analysis of differentially abundant metabolites identified in positive ion mode. (D) KEGG pathway enrichment analysis of differentially abundant metabolites identified in negative ion mode. 
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Figure 6. Joint metabolomic and transcriptomic correlation analysis. (A) O2PLS analysis. (B) Correlation heat map of transcripts and metabolites. (C) Venn diagram of shared KEGG terms between transcriptome and metabolome. (D) Shared KEGG terms among transcriptome and metabolome. 
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Figure 7. Correlation network of differentially expressed genes and differential metabolites in the integrated pathway with red nodes representing genes, green and blue nodes indicating metabolites, yellow lines showing significant positive correlations, and gray lines denoting significant negative correlations. 
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Figure 8. Correlation analysis of lipid metabolism-related genes and metabolites and their expression. (A) Heat map of lipid metabolism-related metabolites. (B) Heat map of lipid metabolism-related genes. (C) Correlation analysis of fatty acid-related genes and metabolites.* p < 0.05, ** p < 0.01 and *** p < 0.001. 
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Table 1. Descriptive statistics of the IMF content and fatty acid profile of the Wandong cattle LD muscle.






Table 1. Descriptive statistics of the IMF content and fatty acid profile of the Wandong cattle LD muscle.





	Item
	LF Group%
	HF Group%
	SEM
	p-Value





	IMF
	10.73
	17.42
	2.37
	0.031



	C14:0
	1.51
	1.76
	0.38
	0.530



	C16:0
	20.70
	24.00
	2.62
	0.255



	C16:1
	2.37
	3.90
	0.62
	0.049



	C17:0
	0.72
	1.09
	0.30
	0.267



	C18:0
	15.03
	16.28
	1.61
	0.466



	C18:1n9c
	27.83
	37.03
	3.74
	0.049



	C18:2n6c
	20.18
	8.87
	5.34
	0.078



	C18:3n3
	1.27
	0.53
	0.22
	0.015



	C20:3n6
	1.71
	0.91
	0.36
	0.069



	C20:4n6
	8.23
	4.81
	1.90
	0.122



	C20:5n3
	0.80
	0.32
	0.21
	0.059



	C18:3n6
	0.39
	0.20
	0.07
	0.041



	SFAs
	37.95
	43.12
	3.24
	0.162



	MUFAs
	30.19
	40.93
	4.06
	0.038



	PUFAs
	32.57
	15.65
	7.09
	0.054







Note: IMF, intramuscular fat; SFAs, saturated fatty acids; MUFAs, monounsaturated fatty acids; PUFAs, polyunsaturated fatty acids. Fatty acids are noted as Cx:y (x, carbon number; y, double bond count). Data represent mean ± SEM (n = 4). Statistical analyses were performed with SPSS Statistics 21.0; differences were considered significant at p < 0.05 and highly significant at p < 0.01.













 





Table 2. Summary of transcriptome sequencing data of Wandong cattle.
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	Sample
	Total Reads
	Clean Reads
	Mapped Reads
	Q20%
	Q30%
	GC Content%





	L1
	45,722,634
	46,077,682
	43,858,794 (95.92%)
	97.54
	93.65
	55.31



	L2
	46,260,976
	46,727,756
	44,499,981 (96.19%)
	98.26
	95.55
	55.50



	L3
	48,466,588
	48,851,988
	46,552,884 (96.05%)
	98.27
	95.59
	55.54



	H1
	42,850,892
	43,032,774
	40,962,113 (95.59%)
	97.76
	94.34
	58.43



	H2
	57,277,954
	57,556,550
	54,780,512 (95.64%)
	97.74
	94.29
	58.46



	H3
	53,428,120
	53,737,138
	50,993,802 (95.44%)
	97.24
	93.02
	58.24










 





Table 3. KEGG pathways involved in the co-regulation of genes and metabolites.
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	Pathway
	Metabolites
	Genes





	unsaturated fatty acid biosynthesis
	oleic acid, arachidonic acid (peroxide free)
	SCD, SCD5, ACOX1, ELOVL5, ELOVL6, and HSD17B12



	fatty acid biosynthesis
	C16:, C14:0, C18:1n9c
	ACSL4, ACSL6, ACSBG1, ACSL1, OXSM, MCAT



	fatty acid degradation
	l-palmitoylcarnitine
	ACSL3, ECHS1, HADHA, HADHB, ACADSB, ADH5, ACADM, ACSL6, GCDH, ALDH7A1, ADH6, ACAT1, CYP4A11, ACOX1, ACSL5, ACSBG1, EHHADH, ADH4, ACAA2, ACSL4, ACSL1, ACADL, CYP4A11



	arachidonic acid metabolism
	alongside prostaglandin a2, 5s-hydroxy-6e,8z,11z,14z-eicosatetraenoic acid, arachidonic acid (peroxide free)
	HPGDS, PTGIS, PTGS2, CYP2E1, PTGDS, ALOX5, PTGES3, PTGES2, CYP2B11, CYP4F2, LTA4H, PLA2G2A, CYP2C21, Cyp2c23, GPX8, EPHX2, CYP4A11, PLA2G2A, CYP2J2, GPX7, PLA2G4A, PLA2G12A, CYP2U1, PLA2G2A, FAM213B, CYP4A1



	glycerolipid metabolism
	3-phospho-d-glycerate and glyceric acid
	PL, AKR1B1, MOGAT1, GPAM, PPAP2C, MGLL, GK, AGPAT3, ALDH7A1, PNPLA2, LIPG, AGPAT2, AGK, LCLAT1, LPIN3, GPAT2, AGPAT5, LIPC, DGKB, DGKH, DGKE, MBOAT1, GLPK2, PPAP2A, PPAP2B, MBOAT2



	glycerophospholipid metabolism
	1-stearoyl-2-hydroxy-sn-glycero-3-phosphocholine, acetylcholine, choline, glycerophosphocholine, triethanolamine, and dl-serine
	PCYT1A, PTDSS2, PLA2G15, GPAM, PPAP2C, CEPT1, GPD2, AGPAT3, PLA2G2A, PCYT2, LPCAT4, LCAT, CHPT1, AGPAT2, CRLS1, GPD1L, PLD1, LPCAT2, CDIPT, TAZ, ETNPPL, GPCPD1, LCLAT1, PLA2G2A, LPIN3, GPD1, PLA2G4A, GPAT2, PLA2G12A, AGPAT5, DGKB, DGKH, DGKE, GNPAT, LYPLA1, ACHE, ETNK1, LPGAT1, MBOAT1, CDS2, PLA2G2A, PPAP2A, PPAP2B, MBOAT2, PLD4
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