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Summary 

 

The intramuscular fat content and fatty acid (FA) composition are important parameters that 

affect meat quality, influencing its organoleptic characteristics and nutritional value. FAs 

provided by the diet or derived from de novo lipogenesis are transformed by the action of 

several genes, like those encoding desaturases and elongases of FAs in lipogenic tissues. In the 

current thesis, several studies were performed from the pig muscle transcriptome data (by RNA-

Seq) and its FA composition (by gas chromatography) in Iberian × Duroc backcross (BC1_DU) 

pigs. Hence, in the context of multifactorial design, both univariate (work I and II) and 

multivariate (work III) statistical approaches are applied. Complementary analyses of gene 

ontology (GO), concordance, correlation, networks and regulatory impact factor (RIF) were 

performed. 

 

In the first study, we identified 81 differentially expressed (DE) genes between the muscle 

transcriptome of divergent pigs (16 high and 16 low, H vs. L) for intramuscular oleic-to-stearic 

(C18:1n-9/C18:0) ratio. These DE genes included 57 down-regulated and 24 up-regulated, and 

functional analyses revealed that the PPAR signaling pathway (PPARG, SCD, PLIN1, and 

FABP3) was over-represented. In addition, other DE genes related to energy, lipid and 

carbohydrate metabolism, and mitochondrial FA beta-oxidation (ACAD10, ACADVL, 

ECHDC3, FADS3, ILVBL, and MMAA) were identified. Both, SCD and PPARG genes showed 

a higher expression in H animals and are relevant candidate genes affecting the biosynthesis 

and Δ9-desaturation of FAs. SCD is a ratio-limiting enzyme that catalyzes the conversion of 

C18:0 to C18:1n-9, while the induction of SCD expression appears to be regulated by the 

nuclear receptor PPARG (i.e., master regulator of adipogenesis). Moreover, PUFA was 

suggested to inhibit the transcription of PPARG gene, and was associated with the C18:1n-

9/C18:0 ratio. Also, two haplotypes of seven SNPs located in the SCD gene were associated 

with the C18:1n-9/C18:0 ratio variation and the SCD gene expression. 

 

The second study was focussed to the global association between muscle transcriptome and 

intramuscular FA profiles. Here, we used 129 BC1_DU animals with the expression values of 

14,870 transcripts and 36 FA-related traits, including individual FA composition, sum of FAs 

(SFA, MUFA, and PUFA), FA ratios, and FA metabolic indices. We detected a variable number 

of associated genes across FAs (1,022 genes in total with 21 of 36 FA traits). However, only 
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53.52% of gene expression values (547/1022 genes) significantly correlated (range [-0.19 to 

0.51]) with FA phenotypic values (21 FA traits). Our analysis revealed several candidate genes 

linked to FA composition in muscle, including well-known (e.g., ACSL1, ELOVL6, FBP1, 

GOT1, LEP, LGALS12, LPL, MDH1, PLIN1, SC5D, SLC27A1, and TFRC) and novel candidate 

genes (e.g., TRARG1, and long non-coding RNAs as TANK, ENSSSCG00000011196, and 

ENSSSCG00000038429). Furthermore, we identified gene regulators including transcription 

factors (e.g., ESRRA and LBX1) and co-factors (NCOA2 and LPIN1) involved in FA 

metabolism. Together, FA-associated genes were present in 75 over-represented GO terms, 

including, signal transduction, oxidative phosphorylation, citrate cycle (TCA cycle), long-chain 

fatty acid import, and PPAR signaling pathway. 

 

Finally, in the third study, we performed a multivariate analysis for the integration of 

intramuscular FA and gene expression profiles. In this study, we used 129 BC1_DU pigs with 

RNA-Seq expression data, but only 15 individual FA phenotypes. Our results revealed a subset 

of 378 canonical variables (13 FAs and 365 genes) that maximize the correlation (range [-0.39 

to 0.41]) between the two datasets. In particular, six FAs (C20:4n-6, C18:2n-6, C20:3n-6, 

C18:1n-9, C18:0, and C16:1n-7) were among the most interconnected variables in the network. 

Among FA-correlated genes identified, several were related to lipid and/or carbohydrate 

metabolism (e.g., ADIPOQ, CYCS, CYP4B1, ELOVL6, FBP1, G0S2, HMGCR, LEP, LGALS12, 

LPIN1, PLIN1, PNPLA8, PPP1R1B, SDHD, SDR16C5, SFRP5, SOD3, and TFRC), meat 

quality (GALNT15, GOT1, MDH1, NEU3, and PDHA1), and transport of molecules (e.g., 

EXOC7 and SLC44A2). Functional analysis with FA-correlated genes indicated 55 GO terms 

over-represented, including several biological processes and pathways, including mitochondrial 

gene expression, TCA cycle, regulation of lipolysis in adipocytes and insulin signaling 

pathways. Lastly, RIF analysis suggested the relevance of six transcription factors (CARHSP1, 

LBX1, MAFA, PAX7, SIX5, and TADA2A) as putative regulators of gene expression and 

intramuscular FA composition. 
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Resumen 

 

El contenido de la grasa intramuscular y la composición de ácidos grasos (AG) son parámetros 

importantes que afectan a la calidad de la carne, influyendo tanto en sus características 

organolépticas como sobre su valor nutricional. Los AG provenientes de la dieta o derivados 

de la lipogénesis de novo son transformados por la acción de varios genes, por ejemplo, los 

genes que codifican desaturasas y elongasas de AG en tejidos lipogénicos. En la presente tesis, 

se realizaron varios estudios a partir de los datos del transcriptoma del músculo porcino 

(mediante RNA-Seq) y su composición de AG (mediante cromatografía de gases) en cerdos 

retrocruzados (Ibérico × Duroc, BC1_DU). Se aplicaron enfoques estadísticos tanto 

univariantes (trabajos I y II) como multivariantes (trabajo III). Asimismo, se realizaron análisis 

complementarios como los de ontología génica (OG), concordancia, correlación, redes, e 

identificación de posibles reguladores (FRI). 

 

En el primer estudio identificamos 81 genes diferencialmente expresados (DE) entre el 

transcriptoma de músculo de cerdos divergentes (16 altos y 16 bajos, A vs. B) para la ratio 

intramuscular entre los AG oleico y esteárico (C18:1n-9/C18:0). Los análisis funcionales 

revelaron que la vía de señalización PPAR (PPARG, SCD, PLIN1 y FABP3) fue 

sobrerrepresentada. Además, se identificaron otros genes DE relacionados con la energía, el 

metabolismo de lípidos y carbohidratos, y la betaoxidación mitocondrial del AG (ACAD10, 

ACADVL, ECHDC3, FADS3, ILVBL y MMAA). Tanto los genes SCD como PPARG mostraron 

una mayor expresión en los animales del grupo A y ambos son genes candidatos relevantes que 

afectan a la biosíntesis y la Δ9-desaturación de los AG. SCD es una enzima ratio-limitante que 

cataliza la conversión de C18:0 en C18:1n-9, mientras que la inducción de la expresión de SCD 

puede estar regulada por el receptor nuclear PPARG (máster regulador de la adipogénesis). 

Asimismo, los PUFA pueden inhibir la transcripción de PPARG y también se han asociado con 

el ratio C18:1n-9/C18:0. Además, dos haplotipos formados por siete polimorfismos localizados 

en el gen SCD se asociaron con la variación de la ratio C18:1n-9/C18:0, así como con la 

expresión del SCD. 

 

El segundo estudio se enfocó en la asociación global entre los perfiles del transcriptoma de 

músculo y de AG intramuscular. Para ello utilizamos 129 animales BC1_DU con los valores 

de expresión de 14.870 transcritos y 36 caracteres relacionados con la composición de AG, 
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incluyendo la composición individual de los AG, la suma de los AG (saturados, 

monoinsaturados y poliinsaturados), los ratios entre los AG y los índices metabólicos de AG. 

Se identificaron un número variable de genes asociados a los caracteres de AG (1.022 genes en 

total con 21 de 36 caracteres de AG). Sin embargo, sólo el 53,52% de los valores de expresión 

génica (547/1.022 genes) se correlacionaron significativamente (rango [-0,19 a 0,51]) con 

valores fenotípicos de AG (21 caracteres de AG). Nuestro análisis reveló varios genes 

candidatos relacionados con la composición del AG en el músculo, incluyendo genes conocidos 

(por ejemplo, ACSL1, ELOVL6, FBP1, GOT1, LEP, LGALS12, LPL, MDH1, PLIN1, SC5D, 

SLC27A1 y TFRC) y nuevos genes candidatos (por ejemplo, TRARG1, y ARN largos no 

codificantes como TANK, ENSSSCG00000011196 y ENSSSCG00000038429). Además, 

identificamos reguladores génicos que incluyeron factores de transcripción (por ejemplo, 

ESRRA y LBX1) y cofactores (NCOA2 y LPIN1) implicados en el metabolismo de AG. En 

conjunto, los genes asociados a los AG forman parte de 75 términos de OG sobrerrepresentados, 

incluyendo la transducción de señales, fosforilación oxidativa, ciclo del ácido tricarboxílico 

(ciclo TCA), entrada de AG de cadena larga y la vía de señalización PPAR. 

 

Finalmente, en el tercer estudio realizamos un análisis multivariado para integrar los perfiles de 

AG intramusculares y de expresión génica. En este estudio utilizamos los mismos 129 cerdos 

BC1_DU con datos de expresión de RNA-Seq pero centrado sólo en 15 AG. Nuestros 

resultados revelaron un subconjunto de 378 variables canónicas (13 AG y 365 genes) que 

maximizan la correlación (rango [-0.39 a 0.41]) entre ambos conjuntos de datos. En particular, 

seis AG (C20:4n-6, C18:2n-6, C20:3n-6, C18:1n-9, C18:0 y C16:1n-7) fueron las variables más 

interconectadas de la red. Entre los genes asociados con los AG identificados varios 

relacionados con el metabolismo de los lípidos y/o los carbohidratos (por ejemplo, ADIPOQ, 

CYCS, CYP4B1, ELOVL6, FBP1, G0S2, HMGCR, LEP, LGALS12, LPIN1, PLIN1, PNPLA8, 

PPP1R1B, SDHD, SDR16C5, SFRP5, SOD3 y TFRC), la calidad de la carne (GALNT15, 

GOT1, MDH1, NEU3 y PDHA1) y el transporte de moléculas (por ejemplo, EXOC7 y 

SLC44A2). El análisis funcional basado en los genes relacionados a los AG indicó 55 términos 

de OG sobrerrepresentados, entre ellos varios procesos y rutas biológicas, como la expresión 

génica mitocondrial, ciclo TCA, y las vías de regulación de la lipólisis en adipocitos y de 

señalización de la insulina. Por último, el análisis RIF sugirió la relevancia de seis factores de 

transcripción (CARHSP1, LBX1, MAFA, PAX7, SIX5 y TADA2A) como posibles reguladores 

de la expresión génica y de la composición intramuscular de AG. 
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Chapter 1. General Introduction 

 

1.1. Background and importance of pork production 

 

An important source of animal protein worldwide is the production of pork. Nowadays, world 

meat consumption is increasing, being poultry and pork meats the most commonly consumed 

worldwide (FAOSTAT, 2022). According to Mote & Rothschild (2020), pork accounts for 

nearly 43% of all red meat consumed globally. However, such consumption differs between 

countries, regions, and human societies. This is perhaps due, for example, to people's income 

and population growth, among other factors. For instance, in Europe and North America the 

increase in meat consumption has stabilized while in other regions there is an increase (e.g., in 

Central and South America and rest of Asia), especially in China that is the top of meat 

consumption (Godfray et al., 2018).  

 

From the current health crisis caused by coronavirus disease (COVID-19) pandemic, i.e., 

recognized by the World Health Organization (WHO, 2019), the importance of the pork 

industry, together with poultry and beef in meeting the food needs of an expanding demography 

has been further reaffirmed. Both the general public and scientific communities have become 

even more aware, to address the situation of increasing demand for animal protein, to improve 

the quality of health in general, as well as to reduce the environmental impact of livestock 

production. Because of this, there is a growing interest and concern for animal products that 

must respond to these region-specific challenges.  

 

In 2020, approximately 109,835,405 tonnes (tons) of pork meat were produced worldwide, 

where Europe production contributed an average of 30,315,325 tons of pork meat (Figure 1). 

Worldwide, the main producers of pork are Asia (48.50%), followed by Europe (27.60%) and 

America (22%) (Figure 2). In the European Union (EU-27 list), the main producers are 

Germany, Spain, and France with 5,118,000, 5,003,430, and 2,201,110 tons produced, 

respectively (FAOSTAT, 2022). Likewise, Spain is among the top 10 meat pig producers 

worldwide, being the fourth largest producer after China, USA, and Germany.  The pork sector 

is of key importance to the Spanish economy, accounting for around 14% of final agricultural 

production. Within livestock, the pig sector ranks first according to economic importance, 

accounting around 39% of final agricultural production (MAPA, 2021).  
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Figure 1. Evolution of pig-meat production both worldwide and Europe since 1994 until 2022. 

Source: FAOSTAT: <https://www.fao.org/faostat/en/#data/QCL/visualize> (Jul 13, 2022).   

 

 

 Figure 2. Production share of meat pig by region in 2020. Source: FAOSTAT: 

<https://www.fao.org/faostat/en/#data/QCL/visualize> (Jul 13, 2022). 

 

According to these official data (MAPA, 2021), Spain is the first country in the EU in terms of 

census, with about 21% of the EU census. Furthermore, it is the second largest pork producer 

and exporter in the EU, after Germany, consolidating its position in the world market with a 

positive commercial balance. Likewise, Spain has spectacularly increased exports to third 

countries, especially to China and other Southeast Asian countries. At the national level, 

provisional data from the livestock slaughter survey for 2021, put pork production at record 

https://www.fao.org/faostat/en/#data/QCL/visualize
https://www.fao.org/faostat/en/#data/QCL/visualize
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levels, with more than 58.30 million animals slaughtered and around 5.20 million tons of meat 

produced (MAPA, 2021).  

 

Within Spain, the higher pork production is concentrated in the autonomous communities of 

Catalunya (19.80%), Aragon (17.70%) and Castile-Leon (12.20%). Therefore, these three 

regions together represent 49.70% of the national pork production distribution (Figure 3). In 

addition, in Catalunya the latest data compiled by IDESCAT (Instituto de Estadística de 

Catalunya) in 2020 indicated a total of 8,072,041 head of porcine, which include the sum of the 

categories of piglets, pigs < 50 kg, fattening pigs and breeding pigs (IDESCAT, 2020). 

 

 

Figure 3. Distribution of total pork production by autonomous community in 2021. Source: 

MAPA:<https://www.mapa.gob.es/va/ganaderia/temas/produccion-y-mercados-

ganaderos/indicadoressectorporcino2021_tcm39-564427.pdf> (Jul 16, 2022). 

 

1.1.1. Progress in animal production 

 

In general, animal production is supported by four important pillars: genetics, nutrition, 

management and health, which have significantly contributed to improve productivity and 

economic indicators. The optimization of feed production and factory farming methods have 

also contributed to the increased productivity. For instance, nutrition and genetics have been 

used mainly as independent disciplines. Utilizing animal breeding and feeding was one of the 

important advancements in animal production. Nutrition is a powerful tool to modify animal 

https://www.mapa.gob.es/va/ganaderia/temas/produccion-y-mercados-ganaderos/indicadoressectorporcino2021_tcm39-564427.pdf
https://www.mapa.gob.es/va/ganaderia/temas/produccion-y-mercados-ganaderos/indicadoressectorporcino2021_tcm39-564427.pdf


General Introduction 

___________________________________________________________________________ 
 

20 
 

growth and the partition of energy between lean and fat tissues, thus affecting body and tissue 

composition (Amills et al., 2020), which can also be used to improve carcass leanness, meat's 

nutritional value, and overall production efficiency.  

 

Concerning animal breeding, selection allowed a great increase in the productive efficiency of 

modern pig breeds, as well as crosses between breeds and synthetic lines. Among the modern 

pig breeds (Figure 4), the Iberian breed is one of the scarce local swine breeds (Lopez-Bote, 

1998), it is a fatty breed that has a higher feed intake, a higher genetic capacity to fat deposition 

(adipogenic potential), and backfat thickness; whereas Duroc breed have higher ham weights. 

For instance, Iberian pigs compared to Duroc pigs have been considered to have a more 

persistent ability of desaturation during periods of fasting. Inhibition of adipogenic and 

lipogenic genes after of fasting (24 h) resulted more intense in Duroc vs. Iberian pigs (Benítez 

et al., 2017). According to Liu et al. (2015), Duroc pigs are fattier and have lower muscle mass 

but a higher percentage of slow-twitch oxidative muscle fibers compared to Pietrain pigs, which 

are more muscular and have a higher lean meat percentage and more fast-twitch glycolytic 

fibers. Meanwhile, pig production centers on the utilization of crossbred animals taking 

advantage of the heterosis (Knol et al., 2016). All of which are part of the genetic background 

that is routinely used in current pig selection and breeding programs. 

 

Although modern pig breeds have been genetically improved to achieve fast growth and a lean 

meat deposition, local pig breeds (like Basque, Alentejano, Iberian, and Meishan) also represent 

a valuable genetic resource as they are more highly adapted to their specific environmental 

conditions and feed resources, but also accumulate greater amounts of fat. Therefore, both 

(modern and local) pig breeds differ with respect to fat deposition and fat metabolic, among 

others traits (Poklukar et al., 2020). 
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Figure 4. Illustration of six modern pig breeds used in pig production. IB = Iberian; DU = 

Duroc; LN = Landrace; LW = Large White (alias Yorkshire); and PI = Pietrain. Image source: 

<https://nobowa.com/pig-breeds/ and https://www.britishpigs.org.uk/pietrain> (Sep 22, 2022). 

 

To accompany the aforementioned, pig breeding goals were initially focused on animal carcass 

yield, backfat thickness, lean carcass percentage and loin muscle area, thus also on indicators 

of fertility, fatness, feed efficiency, disease resistance and behaviour. However, genetic 

companies have increasingly focused on parameters associated with meat quality, like those 

summarized in the Pork Information Gateway “PIG” resource (Nold, 2006). In addition to the 

technological and sensory qualities of products that have undergone dry curing (Ruiz-Carrascal 

et al., 2000). 

 

1.2. Pork meat quality 

 

According to Cameron (1993), the term "meat quality" refers to a wide group of fresh meat 

processing and sensory qualities. The concept applies to both fresh meat and cured products. 

 

1.2.1. Measurements of meat quality 

 

A variety of criteria and perceptions are used to assess the meat quality, including sensory 

(eating) quality, nutritional quality, technological quality, hygienic quality, and nutritional 

quality, which constitute an important target for any farm animal production (Sellier, 1998; 

Gagaoua and Picard, 2020). In addition, each perception of meat quality implies different and 

https://nobowa.com/pig-breeds/
https://www.britishpigs.org.uk/pietrain
https://www.britishpigs.org.uk/pietrain
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related traits. Some of the most common characteristics related to the sensory, nutritional, and 

technological quality of pork meat are shown in Figure 5. 

 

 

Figure 5. Summary of traits related with meat quality measurements of pork and delimitation 

according to quality attributes. Source: adapted from Sellier (1998). 

 

Together with healthiness (nutritional quality), three other general terms of quality have been 

described: security (hygienic quality), satisfaction (organoleptic quality), and serviceability 

(ease of use, ability to be processed, and prices) (Listrat et al., 2016). Thus, meat quality can be 

influenced by key issues such as traceability, attributes as food safety (microbiological safety 

and absence of residues) and social value (animal welfare and environmentally friendly) 

(Kyriazakis & Whittemore, 2006). In addition, other factors that affect meat quality include 

carrying the stress gene, and extreme leanness and muscling (Nold, 2006).  

 

However, customers require the production of high-quality pig meat produced under farming 

systems, which are safe and environmentally sound, and welfare-friendly (with good ethical 

practices) (Kyriazakis & Whittemore, 2006). In fact, quality characteristics of meat play an 
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integral role in consumer acceptability. Consumers particularly enjoy traditional dry-cured 

ham, which, depending on quality, can have a significant added value. Therefore, producing 

high-quality meat is essential to maintaining the market and public support for pork production. 

In this section we will not describe in detail each of the categories for attributes of meat quality. 

Instead, we will illustrate some examples according to the interest of this work. In this way, 

some quality traits, such as intramuscular fat percentage (IMF%), water-holding capacity, and 

tenderness are important for customer acceptability of meat (Guo & Dalrymple, 2017). Fat has 

a characteristic flavor and is one of the major components of meat flavor (Miller, 2014). Also, 

in pork, beef and lamb, C18:0 concentration has been considered as closely related to the 

melting point of lipid and the firmness or hardness of carcass fat (Wood et al., 2003). Instead, 

C18:0 content has been significantly associated with sensory attributes of pork (Tikk et al., 

2007). For instance, as breeders have intensively selected animals for increased leanness 

(Barton-Gade 1990; Cameron, 1990), the IMF (alias marbling) content has also decreased, 

producing a negative impact on pork flavor and meat tenderness, even though this relationship 

is not always strong. As the level of fat or marbling increases, consumers tend to like the flavor 

of beef and pork.  

 

The mechanisms by which the IMF might improve the organoleptic quality are not entirely 

known. In this regard, it has been speculated by Wood et al. (2003), that the presence of fat 

cells between muscle fiber fascicles might separate them physically and promote tenderness. 

Lipids that trap moisture could improve juiciness (Wood et al., 2003) and promote salivation 

(Ruiz-Carrascal et al., 2000). FAs are converted into volatile compounds by lipid oxidation and 

Maillard reactions during cooking, which contribute to the characteristic aroma of pork 

(Gandemer, 2002; Mottram, 1998). 

 

There are several types of fat deposits (e.g., internal, intermuscular, subcutaneous and IMF) 

that may be present and are of commercial interest. Figure 6A-B illustrates an example of fat 

deposition including that of IMF. On a macroscopic scale, skeletal muscle is made up of 90% 

muscle fibers and 10% fat and connective tissues (Listrat et al., 2016). 
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Figure 6. Illustration of type of fat deposition in longissimus dorsi muscle. Superindex A 

indicates a normal marbling, and B a high marbling. 

 

The peak of IMF deposition (within the muscles) in the live animal occurs after maximization 

of other types of fat deposition. As animals grow and develop, fat is deposited sequentially into 

different fat depots (Miller, 2014), for example, internal fat in the abdominal or mesenteric 

cavity, followed by intermuscular (between muscles) and subcutaneous. However, depending 

on the species and age of the animal, as well as the energy intake, the proportion of each fat 

depot varies. According to Miller (2014), most of the pig fat is held in subcutaneous fat depots, 

ranging the IMF content from 0.5% in lean pigs to about 3% in fat pigs. Besides, subcutaneous 

fat was also the predominant fat depot over the growth range studied in Large White × Landrace 

castrated male pigs (Davies & Pryor, 1977). In addition, IMF is the only type of fat that cannot 

be removed from the meat at the time of consumption. However, the presence of IMF favors 

the main sensory characteristics perceived by the consumer at the time of purchase (color) and, 

above all, at the time of consumption (tenderness, juiciness and flavor (taste + aroma). In turn, 

if the meat is consumed hot, many of the FAs will change from solid to liquid (oil) state, thus 

facilitating chewing due to its lubricating effect and, therefore, the perception of greater 

tenderness.  

 

However, together with IMF, muscle fibers and intramuscular connective tissue appear as the 

three main components of muscle, which are involved in the determination of various meat 

quality dimensions. It is interesting to note that the relative independence among the properties 

of these three major muscle constituents, suggests that it is possible to independently modulate 

these characteristics by genetic, nutritional, or environmental factors to achieve production 

efficiency and improve meat/flesh quality, as well as in order to control the quality of products 

and thus better fulfill the expectations of producers, meat processors, and consumers (Listrat et 
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al., 2016). A compilation of the multifactorial background that affects meat quality is described 

below. 

 

1.2.2. Factors that affect meat quality 

 

The processes that contribute to meat quality are complex, and are in turn influenced by the 

interaction of multiple factors, as for example genetic background, environment, pre-slaughter 

handling, and slaughtering procedures (Sellier, 1994; Nürnberg et a., 1998; Eggen & Hocquette 

2004; Lebret, 2008; Ngapo & Gariépy, 2008; Chriki et al., 2012; Rosenvold & Andersen 2003; 

Pena et al., 2013; Guo & Dalrymple, 2017). In addition, other factors affecting fatness or excess 

weight (like the age of animals), FA composition and gene expression play an important role 

in meat quality (Figure 7). Moreover, meat quality, as a product of many different physiological 

processes occurring in muscle, may involve a large number of genes associated with both 

structural and metabolic features of muscle (Eggen & Hocquette, 2004; Chriki et al., 2012; Pena 

et al., 2014). 

 

 

Figure 7. Compilation of multiple factors affecting meat quality in pigs. 

 

Overall, it is widely assumed that the most significant effect modulating meat quality are the 

environmental factors. Genetic effects are expressed through several cascades of biological 

processes that influence and react to environmental exposures, which can give rise to gene–

environment interactions (Abdellaoui et al., 2022). In the following sections, we will focus on 

two relevant factors for meat quality, such as FA composition and gene expression, which are 

also two important issues for both the pig industry and the consumer's health. 
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1.3. Fatty acid composition studies in pig 

 

1.3.1. Factors that affect fatty acid composition 

 

Fatty acid (FA) composition varies across tissues (e.g., between adipose and muscle), and its 

relative proportion is influenced by numerous factors. Similar to the multifactorial scheme of 

meat quality (Figure 7), FA composition also includes the influence of diet, fatness, age/body 

weight, gender, genetics, environmental temperature, depot site, and maintenance (Nürnberg et 

al., 1998), among other factors. In addition, FA composition is closely related to the nutritive 

value and the taste of meat. In this way, the content and intramuscular composition of FAs are 

parameters that affect meat quality, influencing its organoleptic characteristics and nutritional 

value. 

 

1.3.2. Definition, classification, origin, and nomenclature of fatty acids 

 

FAs are a common component of the lipids, present in body fat and in the food we eat. While 

in biochemistry terminology, a FA is a carboxylic acid with an aliphatic chain, which could be 

either saturated or unsaturated. Commonly, natural FAs have a chain of 4 to 28 carbons (usually 

unbranched and even-numbered). Furthermore, FAs that comprise a carboxylic acid with 

hydrocarbon chains can vary in its length, ranging from 4 to 36 carbons long (Nelson et., 2008). 

In some FAs, this chain is unbranched and fully saturated (contains no double bonds); in others 

the chain contains one or more double bonds. Further, FAs are referred to as the main building 

blocks of lipids and contribute to the lipid diversity present in mammalian cells (Cockcroft, 

2021). Interestingly, FAs may act as signaling molecules to regulate transcription of target 

genes encoding proteins involved in muscle lipid metabolism (Fritzen et al., 2020). 

 

FAs are classified in many ways, for instance, FAs constitute one of the 4 main sub-groups of 

lipids (i.e., FAs: saturated & unsaturated; glycerids: glycerol containing lipids; nonglyceride: 

sphingolipids, steroids, waxes; and complex lipids: lipoproteins). For simplification, eukaryotic 

cells contain hundreds of many different lipid species that can be categorized into three main 

classes, such as the lipids present in the cell membrane (glycerophospholipids, sphingolipids, 

and sterols) (Cockcroft, 2021). 
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Most commonly, FAs can be classified as saturated (SFA, no double bond is present) or 

unsaturated (with one or more double bonds present). They can also be referred in two sub-

groups, monounsaturated (MUFA) and polyunsaturated (PUFA). In turn, PUFA can be further 

catalogued into two series (i.e., omega-6 and omega-3) (Johnston & Sobhi 2018). In addition, 

FAs may be divided into two groups considering if they are derived directly from the diet or if 

they can be synthesized de novo through lipogenesis. FAs derived directly from the diet are 

known as essential (e.g., PUFA: C18:2n-6 and C18:3n-3), while those that can be synthesized 

through de novo lipogenesis are known as non-essential (e.g., SFA: C16:0 and C18:0, and 

MUFA: C16:1n-7 and C18:1n-9) (van Son et al., 2017). 

 

Essential FAs like C18:2n-6 and C18:3n-3 can be used as precursors for the synthesis of other 

PUFA, including the C20:3n-6 and subsequently C20:4n-6 (Guillou et al., 2010; Bond et al., 

2016). Likewise, de novo endogenously synthesized FAs represented ∼86% of the total non-

essential FA deposition (including SFA as C14:0, C16:0, and C18:0, and MUFA such as 

C16:1n-7, and C18:1n-9 acids) (Kloareg et al., 2007). In FA composition of pork, the 

predominant SFAs are C14:0, C16:0 and C18:0, which together account for about 38% of the 

total FAs (Zhang et al., 2019). The most common MUFA in pig muscle is C18:1n-9, being 

C16:0 and C18:0 the predominant SFA, and C18:2n-6 is the most abundant PUFA (Wood et 

al., 2008). Meanwhile the most abundant PUFA repertoire includes C18:3n-3 and C20:4n-6, 

and the most common SFA found in many phospholipids are C16:0 and C18:0 acids (Cockcroft, 

2021). 

 

The nomenclature of FAs according to their common names, symbol abbreviation, and double 

bond positions is presented in Table 1. The FAs description also includes Δ nomenclature and 

ω (or n) nomenclature (Bond et al., 2016). As such, Δ and ω (or n) denote the position of the 

double bond counting from the carboxylic acid carbon and the terminal methyl carbon, 

respectively. The ω (or n) terminology, for instance, is useful for describing PUFA. Likewise, 

the nomenclature for any additional functions on the principal chain follows the rules of the 

International Union of Pure and Applied Chemistry (IUPAC) convention of 1957 (Brondz, 

2005). 
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Table 1. Summary of the common nomenclature and bond positions of major long-chain FAs 

(i.e., adapted from Bond et al., 2016). All bonds indicate a cis geometric configuration. 

 

Common name Symbol abbreviation Double bond positions 

Palmitic acid C16:0 --- 

Palmitoleic acid C16:1n-7 Δ9 

Sapienic acid C16:1n-10 Δ6 

Stearic acid C18:0 --- 

Oleic acid C18:1n-9 Δ9 

Vaccenic acid C18:1n-7 Δ11 

Linoleic acid C18:2n-6 Δ9,12 

α-Linolenic acid C18:3n-3 Δ9,12,15 

γ-Linolenic acid C18:3n-6 Δ6,9,12 

Stearidonic acid C18:4n-3 Δ6,9,12,15 

Arachidic acid C20:0 --- 

Paullinic acid C20:1n-7 Δ13 

Gondoic acid C20:1n-9 Δ11 

Dihomo-γ-linolenic acid C20:3n-6 Δ8,11,14 

Meadic acid C20:3n-9 Δ5,8,11 

Arachidonic acid C20:4n-6 Δ5,8,11,14 

Eicosapentaenoic acid C20:5n-3 Δ5,8,11,14,17 

Behenic acid C22:0 --- 

Erucic acid C22:1n-9 Δ13 

Adrenic acid C22:4n-6 Δ7,10,13,16 

n-6 Docosapentaenoic acid C22:5n-6 Δ4,7,10,13,16 

n-3 Docosapentaenoic acid C22:5n-3 Δ7,10,13,16,19 

Docosahexaenoic acid C22:6n-3 Δ4,7,10,13,16,19 

Lignoceric acid C24:0 --- 

Nervonic acid C24:1n-9 Δ15 
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1.3.3. Physiological functions of fatty acids 

 

Multiple lines of evidence suggest that FAs regulate many important physiological functions. 

For example, FAs are crucial for living organisms with a variety of roles, including cell 

signaling, signal transduction, cellular differentiation, metabolic homeostasis, body energy 

homeostasis, protection of digestive tract mucosa, as well as being essential cellular 

components and a major source of energy for animals. Among PUFAs, C20:4n-6 is utilized for 

eicosanoid synthesis and is a constituent of membrane phospholipids involved in signal 

transduction (Spector, 1999). C20:4n-6 plays an important role in the control and regulation of 

lipid metabolism, particularly in relation to the immune and inflammatory system (Santos et 

al., 2017). C18:3n-3 is the essential precursor of n-3 FAs series, while C18:2n-6 is the precursor 

in n-6 FAs series (Santos et al., 2017). C18:2n-6 has been reported to affect cell proliferation 

and lipid catabolic gene expression in mammals. 

 

On the other hand, MUFA are mediators of signal transduction, cellular differentiation, and 

metabolic homeostasis. MUFA has the potential to affect a variety of key physiological 

variables, which include insulin sensitivity, metabolic rate and adiposity (Bond et al., 2016). 

C16:1n-7 and C18:1n-9 MUFA are the most predominant in triacylglycerols (TAGs), 

cholesteryl esters, wax esters and membrane phospholipids (Bond et al., 2016). Currently, there 

is also a greater interest in SFA and MUFA in the context of their effects on human health and 

disease prevention. According to Mensink (2013), C18:0 SFA does not seem to increase the 

low-density lipoprotein (LDL) and high-density lipoprotein (HDL) cholesterol concentrations. 

As described for MUFA, increasing the content of C18:1n-9 could improve the organoleptic 

properties and overall acceptability parameters of meat, because they are positively correlated 

(Cameron et al., 2000). C18:1n-9 FA was linked to consumer acceptability of high-quality cured 

products, which represent a niche market of added value (Pena et al., 2016). Whilst emerging 

evidence in mice suggested C16:1n-7 as an adipose tissue-derived lipid hormone that strongly 

stimulates muscle insulin action, as well as has shown that adipose tissue uses C16:1n-7 

lipokine to communicate with muscle and liver tissues, thereby regulating systemic metabolic 

homeostasis (Cao et al., 2008). 

 

Regarding SFA, from a nutritional point of view it is recommended to limit its consumption 

due to its association with an increase in the cholesterol levels and with cardiovascular disease 
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(CVD) risk or outcomes, and type 2 diabetes. Hence, dietary guidelines advice of limiting the 

intake of saturated fat in favour of monounsaturated and polyunsaturated fats (McLean et al., 

2015). However, the benefits of replacing the consumption of SFA with PUFA remain 

controversial. Astrup et al. (2021), have highlighted a lack of rigorous evidence to support 

continued recommendations either to limit the consumption of SFA or to replace them with 

PUFA. Furthermore, in most comparative studies, no conclusive benefit on heart disease were 

found by replacing SFA by PUFA. On the other hand, SFA also play a role as energy stores, 

necessary for hormone production, cellular membranes, and for organ padding. In addition, 

certain SFA (e.g., C14:0 and C16:0) are also needed for important signaling and stabilization 

processes in the body.  

 

1.3.4. Fatty acid metabolism 

 

As described above, FAs can be provided by the diet or derived from de novo lipogenesis. The 

major dietary constituents (e.g., carbohydrates, lipids, amino acids, and proteins) undergo 

digestion by enzymes in the upper gastrointestinal tract. Among the dietary nutrients, FAs are 

primary sources for oxidation and mobilization from cellular stores. However, the utilization of 

modulated dietary FAs requires that they be absorbed through the intestine.  

 

In all animals, most of the primary dietary lipids are in the form of several lipid classes, 

including phospholipids (PLs), sterols (e.g., cholesterol), triglycerides, and many other lipids 

(e.g., fat-soluble vitamins) (Iqbal & Hussain, 2009). The intestinal digestion of these dietary fat 

molecules undergoes with their emulsification (or solubilization process) mainly in the 

intestine, with peristalsis as a major contributing factor. The emulsions then mix with liver-

derived bile salts and pancreatic juice to undergo marked changes in their chemical and physical 

form. However, for dietary FAs to be absorbed, transported, and taken up by body cells, they 

require the presence of enzymes, transporters and chaperone proteins, among other molecules. 

For instance, dietary FAs are metabolized by various hydrolytic enzymes including lingual, 

gastric, and pancreatic lipases. These enzymes produce free FAs and a mixture of monoglycerol 

and diglycerides from dietary triglycerides. Free FAs released from triacylglycerol (TAG) 

diffuse into intestinal epithelium cells, which are derived by cleavage of ester bonds due to the 

action of lipase, high temperature, and moisture (Chew & Nyam, 2020). 
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Following absorption of pancreatic lipase products by intestinal enterocytes, triglyceride re-

synthesis occurs from monoglycerol and free FAs. The triglycerides are then solubilized into 

lipoprotein particles (complexes of lipid and protein) termed chylomicrons, which are formed 

from triglycerides together with cholesterol, phospholipids and proteins. Chylomicrons from 

the intestine are released into the lymphatic system, and then into the blood for delivery of 

dietary FAs to the various target tissues, such as liver to obtain energy, adipose tissue for energy 

storage or skeletal muscle for FA uptake and production of energy through oxidation. 

Therefore, FAs as important energy sources, they can yield adenosine triphosphate (ATP) in 

huge quantities. In accordance, adipose tissue is a highly active metabolic and essential 

endocrine organ for the circulation of free FA and regulation of lipid metabolism (Xing et al., 

2016). In muscle, myocytes do not store TAGs and instead take up FAs that are released into 

the blood by adipocytes. While, in both adipose and muscle tissue, FAs can be supplied from 

lipolysis of stored TAG in these tissues (Nelson et al., 2008). 

 

The dietary or the modified FAs can then enter a targeted pathway that promotes stepwise 

processing of lipids. Metabolic pathways are overlaid with complex regulatory controls that are 

exquisitely sensitive to changes in metabolic circumstances (Nelson et al., 2008). As an 

example, Figure 8 illustrates an integration of metabolic regulation (either with FAs provided 

by diet or derived from lipogenesis), including the main intermediary metabolites, a set of genes 

encoding enzymes (e.g., elongases and desaturases), and anabolic and catabolic pathways. As 

complex as the metabolism of fats and FAs is closely linked to that of carbohydrates. 

Nonetheless, the regulation of carbohydrate metabolism in muscle reflects differences (e.g., in 

the enzymatic machinery) from liver and adipose tissue. Under certain nutritional conditions 

(e.g., the fed state), de novo lipogenesis converts excess carbohydrate into FAs (i.e., in lipogenic 

tissues) that are then esterified to storage triacylglycerols (TAGs), which could later provide 

energy via β-oxidation (Ameer et al., 2014). It is important to note, also, that FA biosynthesis 

and degradation reactions occur by different pathways, are catalyzed by different sets of 

enzymes, and take place in different parts of the cell (i.e., cytosol and mitochondrial, 

respectively). 
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Figure 8. Compilation of FA metabolism pathway and related candidate genes in mammals 

(adapted from Cook & McMaster 2002; Guillou et al., 2010; Bond et al., 2016; Zhang et al., 

2016). This scheme includes long chain and very long-chain FA synthesis, either of saturated 

and unsaturated FAs of the n-10, n-7 and n-9 series, which can be synthesized from palmitic 

acid (or C16:0) produced by the FA synthase (FAS). In particular, long chain FAs of the n-6 

and n-3 series can only be synthesized from precursors obtained from the diet. 

 

In mammals, a distinction must be made for omega-3 and omega-6 PUFA, i.e., they cannot be 

synthesized de novo (PUFA cannot be generated from MUFA due to lack of desaturases), thus 

must be provided by the diet (e.g., essential dietary FAs as linoleic (C18:2n-6) and α-linolenic 

(C18:3n-3) acids). Of particular note, they can be further elongated by addition of acetyl groups 

by elongase enzymes and double bonds added by desaturase enzymes (Cockcroft, 2021). 
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Collectively, PUFAs are metabolized by a series of enzymes giving rise to physiologically 

active metabolites that can activate cells by binding to specific cell surface receptors. 

 

1.3.4.1. Fatty acid synthesis 

 

De novo lipogenesis is the synthesis of FAs. At least minimally, FA biosynthesis takes place in 

most tissues. Although the liver is the central site for de novo FA synthesis in rodents and 

humans, in other species adipose tissues are the primary sites of lipogenesis (Bergen & 

Mersmann 2005). For instance, in pig, adipose tissue plays a primary, if not a nearly exclusive, 

role in FA synthesis (O’Hea & Leveille 1969). FA biosynthesis requires several key steps, 

including the participation of a three-carbon intermediate, acetyl coenzyme A (acetyl-CoA), 

malonyl-CoA, and sequential reactions with an array of enzymes (Figure 9). Among them, 

acetyl-CoA is a vital molecule that conveys carbon atoms to the tricarboxylic acid (TCA) cycle 

(also called the Krebs cycle) to be oxidized for energy production. In addition, it turns out that 

the products from glycolysis (e.g., the pyruvate obtained from the conversion of glucose), and 

key cytosolic enzymes (acetyl-CoA carboxylase and FA synthase) are used to initialize de novo 

lipogenesis (Bond et al., 2016). 
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Figure 9. Schematic diagram with pathways in de novo FA synthesis (original illustration 

presented by Xing et al., 2016). 

 

In the cytoplasm of cells, citrate derived from the TCA cycle is converted to acetyl-CoA by the 

action of ATP citrate lyase. Malonyl-CoA is then produced from the carboxylation of acetyl-

CoA by acetyl-CoA carboxylase (ACC) (Bergen & Mersmann, 2005), which exists in two 

known isoforms (ACC1 and ACC2) (Melmed, 2020). On the one hand, malonyl-CoA act as an 

inhibitor of ketogenesis and carnitine palmitoyltransferase 1 (CPT1) reaction, which transports 

FAs to the mitochondria for β-oxidation (McGarry et al., 1977) and, thereby malonyl-CoA 

prevents fat catabolism under physiological conditions, such as those in which energy is stored 

as fat through FA biosynthesis. On the other hand, malonyl-CoA molecules also serve as a 

substrate for FA synthase (FAS), which sequentially connects two carbon fragments to generate 

SFA such as palmitic (C16:0) acid (Melmed, 2020). As FAS catalyzes the conversion of acetyl-

CoA and malonyl-CoA to C16:0 in the presence of NADPH (Wakil et al., 1983), it increases 

the number of carbons of the acetyl-CoA molecule through successive incorporations of two 

carbons of the malonyl-CoA group.  

 

Palmitic (C16:0) synthesized de novo or derived from the diet is transported to the endoplasmic 

reticulum (ER) and on its membrane two major FA enzymatic modifications (i.e., elongation 

and desaturation) occur to yield longer chain SFA and unsaturated FA (Bond et al., 2016). The 

elongation of FA chain up to C26 is achieved through elongase enzymes (ELOVLs), which 

increase the length of FAs adding two carbons of the malonyl-CoA group. Also, the 

introduction of double bonds into FAs is mediated by desaturase enzymes. As an example, the 

enzyme stearoyl-CoA desaturase (SCD) (also known Δ9 desaturase) creates a double bond 

between the 9th and 10th carbon counting from the carboxyl end (Guillou et al., 2010; 

Cockcroft, 2021). SCD plays a function in the biosynthesis of unsaturated FA, resulting in the 

conversion of C16:0 acid to stearic (C18:0) acid through the action of a long-chain FA elongase. 

Subsequently, SCD can convert SFA as C16:0 and C18:0 into MUFA as palmitoleic (C16:1n-

7) and oleic (C18:1n-9) acids, respectively (Guillou et al., 2010).  
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1.3.4.2. Fatty acid beta oxidation 

 

The β-oxidation cycle is the primary pathway used by the most organisms for FA degradation 

(also known as lipolysis). In mammals, β-oxidation occurs in both mitochondria and 

peroxisomes. Despite the similarity of several of the enzymes involved in this pathway in both 

organelles, some distinct physiological roles have been uncovered (Poirier et al., 2006). FAs as 

the main energy substrate providing the majority of cofactors necessary for mitochondrial 

oxidative phosphorylation, and contributing to ATP production (Fillmore et al., 2014). In 

addition to heart, liver and skeletal muscle are also very active tissues for mitochondrial FA β-

oxidation (Wajner & Amaral 2016), as well as FAs are released from the adipose tissue for 

transport to the energy demanding tissues. 

 

In relation to nutritional status, in fasting conditions or times of elevated energy demands the 

FA metabolism works in the direction of lipolysis (FA breakdown). Under these situations, in 

adipocytes the hydrolysis of TAG to produce FAs and glycerol is tightly regulated by 

neuroendocrine signals resulting in the activation of lipolytic enzymes (Frühbeck et al., 2014). 

However, such signals must be fine-tuned to precisely adapt the balance between TAG 

synthesis and breakdown to meet physiological needs. Concerning long-chain FAs, these are 

derived primarily from adipocyte lipolysis, where they enter the circulation bound to albumin, 

and from lipoprotein lipase-mediated breakdown of TAG contained in very low-density 

lipoproteins (LDL) and chylomicrons.  

 

Selective FA transporters located on the cell membrane serve as an intermediates for the entry 

of FAs into the cell, including the tissue-specific FA transporter proteins (carriers) [FA 

translocase (FAT)/CD36], the plasma membrane isoform of FA-binding protein (FABPpm), 

and FA transport protein (FATP) 1/6 (Lopaschuk et al., 2010). In the cytosol, free FAs are 

activated by acyl-CoA synthetases from fatty acyl-CoA esters, which are subsequently 

transported into the mitochondria via the carnitine transport system (Sharpe & McKenzie, 

2018). While long-chain FAs must first be shortened in peroxisomes before further oxidation 

in mitochondria, the breakdown of FAs up to 18 carbons in length occurs in the mitochondria. 

Subsequently, CPT1 catalyzes the addition of carnitine to fatty acyl-CoA esters to form 

acylcarnitines, which are transported across the inner mitochondrial membrane (IMM) via 

carnitine acylcarnitine translocase (CACT). Inside the mitochondrial matrix, carnitine is 
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removed by carnitine palmitoyltransferase 2 (CPT2) to regenerate fatty acyl-CoA esters and 

free carnitine, which is then recycled back across the IMM by CACT entering the β-oxidation 

cycle (Figure 10) (Sharpe & McKenzie, 2018). 

 

 

Figure 10. Mitochondrial FA β-oxidation (original illustration from Sharpe & McKenzie, 

2018). 

 

The fatty acyl-CoA chains within the mitochondrion are processed to yield one molecule of 

acetyl-CoA, two electrons and a two-carbon shortened fatty acyl-CoA, which are obtained 

through a series of four enzymatic reactions (dehydrogenation, hydration, a second 

dehydrogenation and thiolysis cleavage) (Bartlett & Eaton 2004; Sharpe & McKenzie, 2018). 
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As shown in Figure 10, these reactions are then performed repeatedly until only two acetyl-

CoA molecules remain. In addition to the production of acetyl-CoA, each β-oxidation cycle 

results in the production of nicotinamide adenine dinucleotide hydrogen (NADH), and flavin 

adenine dinucleotide H2 (FADH2) (Bacle & Ferreira, 2019), which are subsequently oxidized 

by the oxidative phosphorylation (OXPHOS) complexes I and II, respectively (Sharpe & 

McKenzie, 2018), as well as latter used by the electron transport chain for the production of 

ATP (Fillmore et al., 2014). 

 

Furthermore, FA β-oxidation-related enzymes exhibit chain length specificity (Figure 10). The 

first dehydrogenation step of chain-length fatty acyl-CoAs (ranged at C24-C12, C12-C6, and 

C6-C4) is catalyzed by very long-, medium-, and short-chain acyl-CoA dehydrogenases 

(VLCAD, MCAD, SCAD), respectively. On the other three reactions, longer acyl-CoA chains 

(C16-C8) are catalyzed by the multi-domain mitochondrial trifunctional protein (MTP), which 

harbors long-chain enoyl-CoA hydratase, long-chain 3-hydroxyacyl-CoA dehydrogenase and 

3-ketoacyl-CoA thiolase activities. Particularly, for medium- and short-chain FAs, the last three 

steps of FA β-oxidation are catalyzed by short-chain enoyl-CoA hydratase (ECHS1), 

hydroxyacyl-CoA dehydrogenase (HADH) and 3-ketoacyl-CoA thiolase (KAT) (Sharpe & 

McKenzie, 2018). Additionally, DeLany et al. (2000) sustained that diversity in FA structure 

(i.e., from differences in chain length, degree of unsaturation, and position and stereoisomeric 

configuration of the double bonds) can influence the rate of FA oxidation. For instance, research 

conducted on rat and human models, suggested that rats exhibited a greater ability to metabolize 

linoleic than palmitic (Cenedella & Allen, 1969). By contrast, in rats fed a fat-free meal or just 

the labeled FAs, the dietary rates of oxidation of linoleate and palmitate were similar (Toorop 

et al., 2016). In humans, SFA was highly oxidized, while the PUFA (as linolenic) and MUFA 

(as oleic) FAs were fairly oxidized. Meanwhile, linoleic FA appeared to be conserved.  

 

1.3.5. Fatty acid determination by gas chromatography methodology 

 

The gas chromatography (GC) analytical technique is a powerful tool to analyze FA 

determinations. In fact, a significant advance of FA analysis by gas GC has been the 

understanding of the importance of dietary FAs for human health (Seppänen-Laakso et al. 

2002). In research with animals including livestock, GC methodology has also been commonly 

used to analyze lipids (or FA composition) derived from samples of animal tissues (e.g., adipose 



General Introduction 

___________________________________________________________________________ 
 

38 
 

tissue or backfat, liver, and muscle) (Folch et al., 1957; Pérez-Enciso et al., 2000; García-Olmo 

et al., 2002; Clop et al., 2003; O’Fallon et al., 2007; Ntawubizi et al., 2010; Zhang et al., 2017). 

Depending on the study, a known amount of some FA (e.g., pentadecanoic acid, C15:0; 

margaric acid, C17:0; or heneicosanoic acid, C21:0) is added as an internal standard (it is mixed 

with the sample but does not interfere with any FA in the sample) for subsequent quantification 

of the peaks (and consequently lipids) could be performed after the transesterification 

procedure. 

 

In pigs, the procedures of Folch et al. (1957) and O’Fallon et al. (2007) are commonly used as 

the standard methods for fat extraction and preparing FA methyl ester (FAME), either from 

adipose and muscle samples, respectively. In brief, such preparations can then be analyzed in a 

gas chromatograph (e.g., Thermo, Milan, Italy) equipment with a split injection method (or 

splitless mode) and a flame ionization detector (Torres-Pitarch et al., 2014). Subsequently, 

FAME peaks for individual FA are identified by comparing their retention times with those of 

authentic standards (Segura and Lopez-Bote, 2014), provided by a chromatography analytical 

products company (e.g., by Sigma–Aldrich, Alcobendas, Spain or Supelco–PA, USA).   

 

Usually, in most of the FA studies the relative values (percentages) for major FAs are computed 

(Fiego et al., 2005; Ramayo-Caldas et al., 2012; Muñoz et al., 2013; Segura & Lopez-Bote, 

2014; Benítez et al., 2015, 2017), where the fat content per gram (g) of fresh tissue, the FA 

content per gram of fat, and the proportion of FAs (in %) over total FAs are quantified. Thus, 

the results can be expressed as g/100 g of total lipids, total lipids are g/100 g of tissue, grams 

per 100 g of detected FAMEs, and g FA/100 g total FAs (in context of intramuscular fat), as 

well as by groups of FAs including the total sum of SFA, MUFA and PUFA FAs, respectively. 

However, only specialized works with detailed analytics allow the absolute quantification of 

lipids, in which to obtain a good concentration of minority FAs without major distortions, fat 

fractionation should be considered, but also an independent analysis of membrane lipids and 

triglycerides. For instance, Domaradzki et al. (2022) have reported the FAs profile of lipids 

with details on transesterification and calibration procedures and quality assurance from 

adipose and muscle tissues in pigs, including e.g., C20:1cis-11 or C20:1n-11, and nutritionally 

important long-chain n-3 PUFA (e.g., C20:5n-3, C22:5n-3, and C22:6n-3 acid). 
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1.4. Pig Genomics 

 

Advances in molecular genetics techniques provided an interesting array of integrated 

strategies, including traditional and modern approaches across several “omics” such as 

genomics, transcriptomics, and epigenomics. These technologies can be applied to livestock to 

dissect and decipher the molecular and gene regulatory networks underlying the complex 

quantitative traits (Mondal & Singh, 2020). 

 

The beginning of the genomics era, allowed swine geneticists to implement genetic markers to 

eliminate defects, select for features that would improve feed efficiency, growth, meat quality, 

and increased litter size traits. In this regard, sequencing of the swine genome has made it 

possible to genotype animals for thousands of SNPs to identify markers linked to relevant traits, 

as well as the use of genomic selection to predict the genomic breeding value (Mote & 

Rothschild, 2020). Thus, genomic information can facilitate the selection of relevant traits, 

increasing the accuracy of breeding value prediction and obtaining earlier evaluations.  

 

1.4.1. Pig genome and its sequencing 

 

The pig (Sus scrofa) is a species of even-toed ungulate in the family Suidae (pigs). Since the 

early 1990s, through the European International Pig Gene Mapping Project (PiGMaP), the pig 

was one of the first farm animal species for which the scientific community decided to generate 

a genetic map. Initially, with microsatellites markers evenly spaced through the genome and 

other landmark loci physically assigned to chromosomes (Chr.) (Haley et al., 1990). The 

authors described the multiple advantages of the pig for genetic mapping, including a well-

defined karyotype, large full-sib families, short generation interval, and the availability of 

diverse genetic stocks. The PIGMaP consortium allowed the implementation of multipoint 

linkage analysis, which was used for genetic mapping of quantitative trait loci (QTLs) for 

growth and fatness in pigs (Andersson et al., 1994). In addition, allowing the mapping of genes 

and microsatellite markers in porcine Chr. 14 (Kapke et al., 1996). 

 

In September 2003, the Swine Genome Sequencing Consortium (SGSC), composed by 

academic, government and industry representatives, was created (Schook et al., 2005). The 

SGSC’s mission was to obtain the pig genome reference sequence, developing a roadmap for 
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creating the required scientific resources and to integrate existing genetic and physical maps in 

pigs (Groenen et al., 2011; Raudsepp & Chowdhary, 2011). The strategy of hierarchical shotgun 

Sanger sequencing of bacterial artificial chromosome (BAC) clones was used (Humphray et 

al., 2007). The map provided a template for the generation and assembly of high-quality 

anchored sequences across the genome, just as the physical map integrated previous landmark 

maps with restriction fingerprints and BAC end sequences from over 260,000 BACs derived 

from 4 BAC libraries, and takes advantage of alignments to the human genome to improve the 

continuity and local ordering of the clone contigs. Such efforts were further integrated by hybrid 

approach, combining hierarchical shotgun sequencing of BAC clones and whole genome 

shotgun sequencing (WGS) (Archibald et al., 2010). In addition, WGS data were generated 

using both Sanger capillary sequencing and Illumina/Solexa sequencing techniques. Thus, in 

September 2009, the annotated genome assembly (Sscrofa9) was released with Ensembl 56, as 

well as a revised assembly (Sscrofa10) was under construction and will incorporate WGS data 

providing > 30 × genome coverage. In 2012, Groenen et al. (2012) presented the assembly with 

analysis of the genome sequence of a female domestic Duroc pig, and a comparison with the 

genomes of wild and domestic pigs from Europe and Asia. The authors provided a high-quality 

draft of the pig genome, whose assembly (Sscrofa10.2, Ensembl release 80) comprises 2.60 

gigabases (Gb) assigned to chromosomes with a further 212 megabases (Mb) in unplaced 

scaffolds. This upgraded version of the pig genome sequence (called Sscrofa10.2) was available 

in the Ensembl database (http://www.ensembl.org). Likewise, the completion of the pig draft 

genome sequence marks a milestone in 20 years of pig genome studies. In this way, the Pig 

Genome Database (PGD) was created to facilitate information mining and integration within 

the pig and across species (https://www.animalgenome.org /pig/genome/db/). 

 

However, annotation and assembly of pig genome was constantly improving. In 2017, a new 

version was compiled (i.e., Sscrofa 11.1 by SGSC), which was also made available in the 

Ensembl database. This new assembly was created using data generated by PacBio RSII long 

reads, a third generation sequencing (TGS) technology that generated a 65 x genome coverage 

over a total sequence length of 2.5 Gb. Nowadays, the genomes of hundreds of pigs of several 

breeds have been re-sequenced, and are available in open access databases like 

(https://www.ncbi.nlm.nih.gov/) or FAANG (https://www.faang.org/). The last reference 

genome Sscrofa11.1 available on the Ensembl database is the release 109 [Feb 2023 © EMBL-

EBI]. A summary of the whole pig genome including an illustration of the karyotype, assembly 

http://www.ensembl.org/
https://www.ncbi.nlm.nih.gov/
https://www.faang.org/
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(SScrofa11.1, database version 109.111), gene counts, and single nucleotide polymorphism 

(SNP) counts is available at http://www.ensembl.org/Sus_scrofa/Location/Genome. 

 

Massive sequencing or next-generation sequencing (NGS) techniques were revolutionary in 

genomic studies. NGS have allowed the massive detection of SNPs and the development of 

high-throughput genotyping arrays (described below) in livestock. Novel sequencing platforms 

make it possible to read millions of molecules simultaneously. The four most widely used 

platforms nowadays are Illumina and Ion Torrent (NGS), and PacBio and Nanopore (TGS). 

For instance, there is an interactive learning resource for NGS techniques named SequencEnG 

(Sequencing Techniques Engine for Genomics), which is supported by the institutions of 

University of Illinois Urbana-Champaign and NIH big data to knowledge (BD2K). 

SequencEnG is part of the project KnowEnG (Knowledge Engine for Genomics) (Zhang et al., 

2019). In addition, a compilation of the main NGS techniques that can be applied to pigs is 

presented in Figure 11. However, broadly outlined, the most common applications are whole 

genome sequencing (WGS), whole exome sequencing (WES), messenger RNA sequencing 

(RNA-Seq), ChIP-sequencing (ChIP-Seq), methylation-sensitive restriction enzyme 

sequencing (Methyl-Seq), and metagenomics. According to the topic of this thesis, our focus is 

to outline some of the current applications of RNA-Seq as summarized below. 

 

http://www.ensembl.org/Sus_scrofa/Location/Genome
http://www.ensembl.org/Sus_scrofa/Location/Genome
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Figure 11. Sequencing tree of analysis pipelines for DNA, RNA and epigenetics techniques. 

Interactive analysis pipelines are available for sequencing techniques with "*". Source: 

<https://github.com/KnowEnG/SequencEnG>. 

https://github.com/KnowEnG/SequencEnG
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1.4.2. Pig genome sequence variation 

 

Genome sequencing provides important information for the study of genetic variability. Among 

the genetic markers, microsatellites (tandem repeats of 2 to 5 bases) and SNPs (single 

nucleotide polymorphisms, a variation that affects a nucleotide in the DNA sequence) are well-

known in annotated genomes. Particularly, SNP information has been used to build for each 

species dense panels of markers evenly distributed throughout the entire genome. Several 

biotechnological tools have been developed to genotype these panels, with two main companies 

(Illumina and Affymetrix) leading the market for genotyping platforms for livestock animals 

(Blasco & Pena, 2018). A range of SNP-based arrays (also known as SNP chips) are 

commercially available for genotyping at varying densities of SNP panels (Table 2). In general, 

the use of chips with 50,000-80,000 SNPs in a genome is common, and there are high-density 

chips with 850,000 SNPs or more (Blasco, 2017). Nowadays, sequencing costs are substantially 

decreasing, and may eventually be comparable to genotyping costs. Ramos et al. (2009) 

developed the first commercial SNP panel for high-throughput genotyping in pig, which was 

commercially available from Illumina (PorcineSNP60 BeadChip, San Diego, CA). Groenen 

(2015) by Affymetrix technology developed a chip containing ∼650,000 SNPs and including a 

large percentage of the SNPs present in the PorcineSNP60 v2 BeadChip. 

 

Table 2. Summary of the commercial genotyping chips and its densities (low-density, LD; 

and high-density, HD), which are currently available for pigs (adapted from Blasco & Pena, 

2018), and SNPchimp v.3 database (<https://webserver.ibba.cnr.it/SNPchimp/index.php/data-

source>). 

Chip name No. of SNPs Supplier  Technology 

PorcineSNP60 v1 

BeadChip (HD) 

62,163 Illumina  Infinium 

chemistry 

PorcineSNP60 v2 

BeadChip (HD) 

64,232 Illumina  Infinium 

chemistry 

GGP-Porcine 

(LD) 

10,241 GeneSeek-

Neogen 

 Infinium 

chemistry 

 

 

https://webserver.ibba.cnr.it/SNPchimp/index.php/data-source
https://webserver.ibba.cnr.it/SNPchimp/index.php/data-source
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Table 2. Summary of the commercial genotyping chips and its densities (high-density, HD) 

(Continued). 

Chip name No. of SNPs Supplier  Technology 

GGP Porcine 

(HD) 

>65,000 (e.g., 

both of 68,528 

and 70,231) 

GeneSeek-

Neogen 

 Infinium 

chemistry 

Axiom Porcine 

650K (HD) 

658,692 Affymetrix  Axiom assay 

 

1.4.3. Gene expression studies  

 

The expression of a eukaryotic gene is a complex process involving a series of steps prior to 

the actual synthesis of a protein. These steps include the transcription of the gene into the 

primary RNA product, processing of this initial gene transcript to remove intron sequences and 

create the mature 3' terminus, transport of the processed mRNA transcript to the cytoplasm, and 

then, the translation of the messenger RNA into protein. With very few exceptions, all of the 

genes that encode proteins follow this pathway. In a typical mammalian cell, messenger RNA 

(mRNA) which is translated into proteins makes up around 4% of the total RNA mass and, 

apart from 80% ribosomal RNA (rRNA), other operational RNAs make up the rest (Wu et al., 

2014). Nevertheless, the speeds and efficiencies of transcriptional step, RNA processing, 

nuclear export, and protein translation may differ considerably from gene to gene. In addition, 

expression of a gene can be controlled at many levels, including transcription, mRNA splicing, 

mRNA stability, translation and post-translational events such as protein stability and 

modification (Day & Tuite, 1998). In fact, an important aspect of gene expression is that it can 

be regulated by other elements such as some types of proteins (transcription factors) or short-

chain RNAs. 

 

On the other hand, gene expression has been studied for specific genes or proteins, for multiple 

genes simultaneously, and at the general level in a tissue or cell type using different 

technologies. For example, classical single gene measurement using reverse transcription 

quantitative real-time PCR (RT-qPCR) for the evaluation of candidate genes like ACSL4 (liver 

and backfat) for meat quality in pigs (Corominas et al., 2012). In addition to single gene 

expression, several papers have been reported studying candidate genes for specific traits 
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related to lipid metabolism, for example, DGAT1 and DGAT2 (Cui et al., 2011), APOA2 

(Ballester et al., 2016), ELOVL6 (Corominas et al., 2015), FABP4 and FABP5 (Ballester et al., 

2017), FADS2 (Gol et al., 2018), and DGAT2 (Solé et al., 2021). By real-time quantitative PCR 

(qPCR) in a dynamic array chip (Fluidigm) using the BioMark system, the simultaneous 

expression analysis of 48 genes was performed for lipid metabolism in pigs (Puig-Oliveras et 

al., 2016, Ballester et al., 2017a; Revilla et al., 2018; Criado-Mesas et al., 2020). 

 

Regarding other techniques for serial analysis of gene expression, microarrays allow the 

massive measurement and comparison of gene expression covering up to 23,000 

probes/features simultaneously. Microarrays in pigs have been used to analyze LD muscle 

transcriptome using the Porcine GeneChip array (Affymetrix, Inc.), and underlined as one tool 

widely used in published experiments interrogating diverse pig muscle phenotypes (Pena et al., 

2013, 2014). In pig muscle tissue, microarrays were also used to identify differentially 

expressed genes (DEGs) among animals with divergent phenotypes for fatness traits (Cánovas 

et al., 2010), with contrasting levels of fat (Liu et al., 2009), with tenderness and IMF content 

in pork (Hamill et al., 2012),  between genetic types based in Iberian pig production and its 

crossbreeding with the Duroc during the early stages of development (Óvilo et al., 2014), as 

well as with different backfat thicknesses in energy metabolism-related tissues (subcutaneous 

adipose (fat), liver, and LD muscle) (Kojima et al., 2018). Other studies based on microarrays 

have been conducted to investigate the existence of common determinants of gene expression 

in the porcine liver and skeletal muscle (González-Prendes et al., 2019), as well as to detect 

predictors of feed efficiency in growing pigs with extremely low or high residual feed intake 

(RFI) (Messad et al., 2019). 

 

The microarray technology is limited by their hybridization-based nature (e.g., low sensibility 

and the high background) and has been progressively replaced by other sequencing methods. 

Hence, advances in NGS technologies have enabled the whole transcriptome sequencing 

(RNA-Seq). Unlike microarrays, RNA-Seq technology has better resolution and higher 

reproducibility. It also allows to determine the abundance of transcripts with a greater dynamic 

range of expression levels, with higher precision estimates, and the detection of novel 

transcripts (Nookaew et al., 2012; Black et al., 2014), as well as to study RNA in individual 

cells including its composition, abundance and variability (Conesa et al., 2016). As a 

revolutionary tool, RNA-Seq is massively used to explore the transcriptome with an 
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unprecedented detail, but it also helps to understand molecular mechanisms and then it tells 

about signaling pathways. In fact, RNA-Seq can be used in combination with other functional 

genomics methods to enhance gene expression analysis (Figure 12) (Conesa et al., 2016).  

 

 

Figure 12. Illustration depicting a generic roadmap for the design and analysis of RNA-Seq 

experiments using Illumina standard sequencing (i.e., original illustration presented by Conesa 

et al. 2016). Legend: ChIP-seq: Chromatin immunoprecipitation sequencing; eQTL: Expression 

quantitative loci; FPKM: Fragments per kilobase of exon model per million mapped reads; 

GSEA: Gene set enrichment analysis; PCA: Principal component analysis; RPKM: Reads per 

kilobase of exon model per million reads; sQTL: Splicing quantitative trait loci; TF: 

Transcription factor; and TPM: Transcripts per million. The key analysis for each step are: (a) 

Preprocessing includes experimental design, sequencing design, and quality control steps. (b) 

Core analyses include transcriptome profiling, differential gene expression, and functional 

profiling. (c) Advanced analysis includes visualization, other RNA-seq technologies, and data 

integration.  

 

RNA-Seq experiments yield very large, complex data sets that demand fast, accurate and 

flexible software to reduce the raw read data to comprehensible results. Consistently, Pertea et 

al., (2016) have described a standard protocol that comprises all steps necessary to process a 
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large set of raw sequencing reads and create lists of gene transcripts, expression levels, and 

DEGs and transcripts. Focusing on open-source software and alternative tools available for 

bioinformatics analysis of RNA-Seq, among the most popular are the STAR, HISAT, StringTie, 

and Ballgown or Rsubread package (Dobin et al., 2013; Frazee et al., 2015; Kim et al., 2015; 

Pertea et al., 2015; Liao et al., 2019). Together, they allow scientists to align reads to a genome, 

assemble transcripts including novel splice variants, compute the abundance of these transcripts 

in each sample and compare experiments to identify differentially expressed genes (DEGs) and 

transcripts.  

 

Until March 2023, 32,933 publications containing RNA-Seq data appeared in PubMed. For 

instance, one of the first applications of RNA-Seq in pigs was the study of the transcriptome 

profile in liver, adipose and muscle tissues from animals with extreme phenotypes for the 

intramuscular FA composition (Ramayo-Caldas et al., 2012a; Corominas et al., 2013; Puig-

Oliveras et al., 2014; Lim et al., 2017). Besides, several RNA-Seq studies in pigs have reported 

DEGs related to sex, breed, growth rate, fatness, back fat thickness, lipid profile, meat quality, 

immunity, and thermogenic role of muscle tissue (Zhao et al., 2011; Esteve-Codina et al., 2011; 

Pérez-Montarelo et al., 2012; Jiang et al., 2013; Sodhi et al., 2014; Ghosh et al., 2015; Cardoso 

et al., 2017, 2018; Gao et al., 2019; Albuquerque et al., 2021; Zhang et al., 2022; Zhang et al., 

2023). In addition, by machine learning applications, the identification of genes associated with 

RFI (including the prediction of lipid-related genes) has been reported using RNA‑Seq data 

from pigs classified as phenotypically extreme (i.e., high or low RFI groups) (Piles et al., 2019). 

 

Other examples include several comparative studies in muscle tissue which compared the 

transcriptome profile between lean (Landrace, Large-White) and fatty breeds (mainly Chinese 

as Lantang native, and other local obese breeds, e.g., Korean native, Italian Casertana, and 

Basque) (Wimmers et al., 2007; Kim et al., 2010; Zhao et al., 2011; Damon et al., 2012; 

Timperio et al., 2013; Yu et al., 2013).  

 

1.5. Genomic studies of meat quality-related traits in pigs 

 

In this session, we emphasize the main approximations that have allowed the identification of 

genomic regions associated with meat quality and FA composition, including quantitative trait 

loci (QTL) and candidate genes responsible for QTLs, or even regulating the expression (eQTL) 
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of lipid-target genes, as well as genome wide association studies (GWAS) in pigs. Identification 

of genes and variants linked to production traits is one of the main goals of QTL and GWAS in 

livestock animals. Quantitative phenotypes and molecular markers (like microsatellites or 

SNPs) distributed along the genome are utilized to search QTLs. In light of this, QTL mapping 

is a powerful approach to detect genomic regions co-segregating with a specific trait by linkage 

analysis. In addition, GWAS test the association of thousands of genetic variants across the 

genome with a specific trait or disease. Likewise, this methodology has generated a myriad of 

robust associations for a range of traits and diseases (Uffelmann et al., 2021). 

 

An extensive summary of QTLs can be found in the database called PigQTLdb 

(https://www.animalgenome.org/cgi-bin/QTLdb/SS/index) (Hu et al., 2019), which is a 

valuable tool containing pig QTLs and association data curated from published data. The 

current release of the PigQTLdb (no. 49, Dec 28, 2022) contains 36,725 QTLs/associations 

from 788 publications. Those QTLs/associations represent 698 different traits. Among them, 

there are numerous QTL associated with meat quality, for instance, 1092 QTLs are associated 

with drip loss, 898 QTLs are associated with intramuscular fat content, and 892 QTLs are 

associated with meat color, as well as 6,490 QTLs are associated with fatty acid content traits. 

Our research group based on the projects called IBMAP and many others have reported 

pioneering research with a relevant contribution in the context of genomic studies. A summary 

of main candidate genes of QTLs identified for the traits of interest is presented in Table 3. 

 

Table 3. Summary of functional candidate genes identified in QTLs or GWAS analysis for 

pig production traits. 

Traits Chr. Functional candidate genes References 

Growth, carcass 

and fatness 

1, 2, 3, 

4, 5, 6, 

7, 9, 10, 

11, 

12, 13, 

14, 15, 

16, 17,  

18, X 

ADIPOQ, FASN, FTO, IGF2, 

LEP, LEPR, FABP4, FAT1, 

MC4R, MRF, MSTN, MYPN, 

POU1F1, PLAG1, TAS2R39, 

TAS2R4, PCK1, RYR1, ACACA, 

SREBF1, PGM2L1, PLBD2, 

HMGA1, DHCR7, FGF23, 

MEDAG, DGKI, PTN, APOA2, 

RETSAT, COPA, RNMT, 

PALMD, NR3C1, ACSM2B,  

(Óvilo et al., 2000); 

(Pérez-Enciso et al., 

2000); 

(Kim et al., 2000); 

(Roberts et al., 2001); 

(Kennes et al., 2001); 

(Varona et al., 2002); 

(Van Laere et al., 

2003); 

(Mercadé et al., 2005, 

2006); 

(Óvilo et al., 2005); 

(Pérez-Enciso et al., 

2005); 

https://www.animalgenome.org/cgi-bin/QTLdb/SS/index
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Table 3. Summary of functional candidate genes identified in QTLs or GWAS analysis for pig 

production traits (Continued). 

Traits Chr. Functional candidate genes References 

Growth, carcass 

and fatness 

1, 2, 3, 

4, 5, 6, 

7, 9, 10, 

11, 

12, 13, 

14, 15, 

16, 17,  

18, X 

COG3, PDE10A, DHCR7, 

MFN2, CCNY, PANK3, 

TAS2R38, GABRB3, XKR4, 

MGAM 

(Stachowiak et al., 

2013); 

(Latorre et al., 2016); 

(Fontanesi et al., 2009, 

2010); 

(Óvilo et al., 2010);  

(Ballester et al., 2016); 

(Martínez-Montes et 

al., 2017, 2018); 

(Xu et al., 2020); 

(Gozalo-Marcilla et 

al., 2021); 

(Wang et al., 2022) 

Meat quality 2, 3, 4,  

6, 8, 12, 

14,  

15, 17, 

X 

ACACA, FASN, ACSL4, 

CAPNS1, CAST, CA3, CYBSA, 

CYP2E1, ELOVL6, FABP4, 

FABP5, PCK1, PHKG1, 

PPARGC1A, PRKAG3, RYR1, 

SCD, TTN, AGPAT5  

(Yu et al., 1999); 

(Óvilo et al., 2000); 

(Ovilo et al., 2002); 

(Milan et al., 2000); 

(Ciobanu et al., 2001); 

(Pérez-Enciso et al., 

2002);  

(Mercadé et al., 2005); 

(Gandolfi et al., 2011); 

(López et al., 2015);  

(Zhang et al., 2019); 

(Piórkowska et al., 

2020); 

(Molinero et al., 2022) 

Fatty acid 

content and 

composition 

2, 5, 6, 

7, 8, 9, 

12, 14,  

16, X 

SCD, ELOVL3, DGAT2, LEPR, 

ELOVL5, ELOVL6, ELOVL7, 

FADS2, ABCD2, FASN, IGF2,  

 

(Pérez-Enciso et al., 

2000);  

(Clop et al., 2003); 

(Mercade et al., 2006);  

(Muñoz et al., 2007); 

(Uemoto et al., 2012); 

(Renaville et al., 

2013); 

(Corominas et al., 

2013, 2015);  

(Estany et al., 2014);  
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Table 3. Summary of functional candidate genes identified in QTLs or GWAS analysis for pig 

production traits (Continued). 

Traits Chr. Functional candidate genes References 

Fatty acid 

content and 

composition 

2, 5, 6, 

7, 8, 9, 

12, 14,  

16, X 

ACSL4, CPN1, PAX2, PKD2L1, 

ENTPD7, SEMA4G, SREBF1, 

PLA2G7, THRSP 

 

(Ros-Freixedes et al., 

2016); 

(Zhang et al., 2016); 

(van Son et al., 2017);  

(Viterbo et al., 2018); 

(Criado-Mesas et al., 

2019); 

(Zhang et al., 2019); 

(Zappaterra et al., 

2019); 

(Crespo-Piazuelo et 

al., 2020); 

(Solé et al., 2021) 

 

Among several interesting examples for pigs, ELOVL6 gene was associated with a major QTL 

effect on fatty acid composition in an Iberian × Landrace backcross (Corominas et al., 2013, 

2015) and expression differences were associated with the abundance of C16:0 and C16:1n-7 

FAs in backfat and muscle tissues. Another example is an intronic variant of the IGF2 gene, 

which was described as the causal mutation of a QTL for muscle growth and back-fat depth in 

the pigs (Van Laere et al., 2003). Another example is the SCD gene, which has been pinpointed 

in several GWAS studies as a functional candidate gene for meat quality and fatty acid 

composition traits. Interestingly, in a purebred Duroc line, a polymorphism in the SCD promoter 

(AY487830:g.2228T>C SNP, rs80912566) was proposed as a causal mutation partially 

explaining the genetic variance of fat desaturation ratios (e.g., the 18:1/18:0 ratio) in muscle 

and subcutaneous fat (Estany et al., 2014). In addition, UNC93A gene has also been reported as 

a candidate gene in a QTL study for meat quality and disease resistance in the Chinese 

Jiangquhai pig breed (Oyelami et al., 2020). 

 

On the other hand, several eQTL studies have been conducted to reveal genome locations that 

regulate the expression of a target gene. For instance, with expression data obtained by real-

time qPCR in a Fluidigm chip in the muscle of Iberian × Landrace backcrossed animals, eQTLs 

regulating the expression of several lipid-related genes were identified. However, no eQTLs for 

SCD gene expression were found (Puig-Oliveras et al., 2016). Moreover, in Duroc pigs (Lipgen 

population), a panel of SNPs were associated with microarray data of genes mapping to QTL-

SSC14 and involved in IMF traits of the porcine muscle (González-Prendes, et al., 2019). The 
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authors detected the absence of any eQTL regulating SCD mRNA expression. They also found 

no significant differences in SCD expression between pigs with different genotypes of the SNP 

rs80912566 (Estany et al., 2014). Finally, in a large eQTL study of genes associated with lipid 

metabolism in muscle (Criado-Mesas et al., 2020) did not detect any eQTL for both the SCD 

and the PPARG genes. 
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Chapter 2. Objectives 

 

This PhD thesis was done under the framework of the research project "Functional genomics, 

systems biology, and microbiomics applied to the identification of genetic regulators of growth, 

fatness, and meat quality traits in pigs", funded by the Spanish Ministery of Science and 

Innovation (AGL2017-82641-R). In addition, the animal material used in this thesis was 

generated in several projects of the IBMAP consortium, involving members of the INIA, IRTA 

and UAB institutions. 

 

2.1. Global aim 

 

The main aim of this thesis was to identify candidate genes, biological processes and pathways 

linked with the intramuscular fatty acid profile in pigs. 

 

2.2. Specific aims 

 

1. To identify genes involved in Δ9 fatty acid desaturation process by the analysis of the muscle 

transcriptome in pigs with divergent oleic-to-stearic (C18:1n-9/C18:0) fatty acid ratio in 

muscle. 

 

2. To explore the association between the porcine intramuscular fatty acid profile and the 

muscle transcriptome, in order to identify genes and gene networks involved in meat fatty acid 

composition. 

 

3. To perform a multivariate integrative analysis between the intramuscular fatty acid and gene 

expression profiles of pig muscle to pint-point key regulators of lipid metabolism. 
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Intramuscular Oleic-to-Stearic Fatty Acid Ratio in Pigs 

 

Jesús Valdés-Hernández 1,2*, Yuliaxis Ramayo-Caldas 3, Magí Passols 1, Lourdes Criado-

Mesas 1, Anna Castelló 1,2, Anna Esteve-Codina 4, Armand Sánchez 1,2, and Josep M. Folch 

1,2* 

1Plant and Animal Genomics, Centre for Research in Agricultural Genomics (CRAG), CSIC-

IRTA-UAB-UB, Campus UAB, Bellaterra, Spain 

2Departament de Ciència Animal i dels Aliments, Facultat de Veterinària, Universitat 

Autònoma de Barcelona (UAB), Bellaterra, Spain 

3Departament de Genètica i Millora Animal, Institut de Recerca y Tecnologia 

Agraroalimentàries (IRTA), Caldes de Montbui, Spain 

4CNAG-CRG, Centre for Genomic Regulation, Barcelona Institute of Science and 

Technology, Barcelona, Spain 

 *       Correspondence: jesus.valdes@cragenomica.es (J.V.-H.); JosepMaria.Folch@uab.cat 

(J.M.-F.); Tel.: +34 935636600 ext. 3345 (J.M.-F) 

  

  

  

Manuscript in preparation 

 

 



Paper I 

___________________________________________________________________________ 
 

54 
 

Simple Summary: Muscle tissue is important in many physiological and metabolic processes, 

but also for its relevance in the pork meat industry. The transcriptome analysis, by RNA-Seq, 

of muscle samples from pigs with divergent intramuscular oleic-to-stearic fatty acid ratio 

(C18:1n-9/C18:0) allowed the identification of 81 differentially expressed genes (DEGs). 

Among the DEGs, SCD is a promising candidate gene to explain the intramuscular C18:1n-

9/C18:0 acid ratio differences. 

  

Abstract: The C18:1n-9/C18:0 ratio is an important indicator of the biosynthesis and 

desaturation of fatty acids in muscle. By using an RNA-Seq approach in muscle samples from 

32 BC1_DU (25% Iberian and 75% Duroc) pigs with high (H) and low (L) values of C18:1n-

9/C18:0 fatty acids ratio, a total of 81 DEGs were identified. Functional analyses of DEGs 

indicate that mainly PPAR signaling pathway (PPARG, SCD, PLIN1, and FABP3) was 

enriched. SCD is directly involved in the conversion of C18:0 to C18:1n-9, and PPARG is a 

transcription factor regulating lipid metabolism genes, including SCD. Seven genetic variants 

within the SCD are associated in two haplotypes. Although the haplotypes are segregating at 

different frequencies in the H and L groups, they not fully explain the desaturation ratios or the 

SCD expression levels. A more complex model including PUFA is suggested to explain the 

regulation of the C18:1n-9/C18:0 desaturation ratio in porcine muscle. 

  

Keywords: desaturation index; swine; muscle transcriptome; lipid metabolism 
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1. Introduction 

Fatty acid (FA) content and composition play an important role in meat quality determination 

affecting flavor, oxidative stability, color, firmness [1,2] and its nutritional value. In pork, the 

FA composition varies across fat tissues and muscles and it is greatly influenced by several 

factors including diet, fatness, body weight, gender, age, breed, environment, and secretion of 

hormones [3,4]. 

FAs can be classified into three groups (saturated FAs: SFA, monounsaturated FAs: MUFA, 

and polyunsaturated FAs: PUFA) that are provided by the diet, or derived from de novo 

lipogenesis [5]. In pigs, the essential PUFA (linoleic or C18:2n-6 and α-linolenic or C18:3n-3) 

are only delivered by the diet and can be used for the synthesis of other PUFA (eicosadienoic 

or C20:2n-6, eicosatrienoic or C20:3n-3, and arachidonic or C20:4n-6 acids). Conversely, de 

novo endogenously synthesized FAs represented ∼86% of the total non-essential FA deposition 

(including SFA as myristic or C14:0, palmitic or C16:0, and stearic or C18:0, and MUFA such 

as palmitoleic or C16:1n-7, and oleic or C18:1n-9 acids) [6]. The most important MUFA in pig 

muscle is C18:1n-9, being C16:0 and C18:0 the major SFA, and C18:2n-6 the most abundant 

PUFA [2]. 

The intramuscular fat (IMF) oleic acid content has been positively correlated with pork meat 

flavour [7], while the percentage of stearic acid has been associated with fat firmness [1]. A 

high IMF and oleic acid content has been reported both in raw meat and dry-cured products of 

Iberian pigs feeded by grass and acorns during the fattening period, being a criterion of its 

quality [8]. 

The biosynthesis of MUFA from SFA is mainly mediated by stearoyl-CoA desaturase (SCD), 

a regulatory enzyme catalyzing the rate-limiting step in the overall de novo synthesis of C18:1n-

9 and C16:1n-7 acids [9]. These two FAs are produced by the Δ9-desaturation of their 

respective precursors, the C18:0 and C16:0 acids, respectively [10]. Hence, the desaturation 

ratio C18:1n-9/C18:0 can be used to infer the SCD activity [11]. Interestingly, in a purebred 

Duroc line, a polymorphism in the SCD promoter (AY487830:g.2228T>C SNP, rs80912566) 

was proposed as a causal mutation partially explaining the genetic variance of fat desaturation 

ratios (e.g., the 18:1/18:0 ratio) in muscle and subcutaneous fat, and the T allele was also 

associated with a higher SCD expression in muscle [11]. In addition, the dry-cured hams from 

Duroc pigs carrying the T allele showed an increased C16:1, C18:1n-9, C18:1n-7, and MUFA 
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content and decreased C18:0 and SFA content [12]. However, a Genome-Wide Association 

Study (GWAS), performed for the IMF C18:1n-9/C18:0 ratio in the cross BC1_DU (25% 

Iberian and 75% Duroc) [13], suggested a different causal variant for this trait. Further, a recent 

association analysis between the muscle transcriptome and its FA profile was performed in 129 

Iberian × Duroc backcrossed pigs [14], but the SCD expression was not associated with the 

C18:1n-9/C18:0 ratio. 

The present work is focused in the analysis of the muscle transcriptome of pigs with divergent 

values for the C18:1n-9/C18:0 ratio, with the aim of identifying genes and enriched biological 

pathways associated with the Δ9-desaturation process. In addition, we simultaneously provided 

evidence for SCD gene polymorphisms that affect its mRNA expression and may emerge as a 

source of variation in muscle fatty acid desaturation.  

 2. Materials and Methods 

 2.1. Ethics statement 

All procedures involving animals were conducted in accordance with relevant guidelines and 

regulations of the animal care and use committee of the Institut de Recerca i Tecnologia 

Agroalimentàries (IRTA). This study followed ethical principles in animal research, according 

to the Ethical Committee of the IRTA. Our research is also reported in full compliance with 

ARRIVE guidelines (https://arriveguidelines.org/). 

2.2. Animal material and sample collection 

A total of 129 animals from an experimental backcross, named BC1_DU (25% Iberian and 75% 

Duroc), were analised. All animals, 59 females and 70 males (non-castrated), were maintained 

under the same intensive conditions and fed ad libitum with a cereal-based commercial diet and 

free access to water as described in Martínez-Montes et al. [15]. Animals were slaughtered in 

five batches, in a commercial abattoir with an average age of 190 days, and 73.70 kg of carcass 

weight. Longissimus dorsi (LD) skeletal muscle samples were collected immediately after 

slaughter and snap frozen in liquid nitrogen and stored at -80 °C until analysis. 

FAs composition in LD samples (n = 129) was determined using a gas chromatography of 

methyl esters protocol [16]. In brief, a sample of ~200 g of LD muscle was used to measure the 

FA profile. Then, the quantity of each individual FA methyl ester was calculated and expressed 
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as relative percentage out of the total amount of FAs. Total percentages of SFA, MUFA, and 

PUFA were obtained through the sum of the individual FAs. In the present work we focused 

our attention on the product/substrate ratio of oleic (C18:1n-9) and stearic (C18:0) acids, 

frequently called as desaturation index. Notwithstanding, we also calculated the desaturation 

ratio of C16:1n-7 to C16:0, MUFA to SFA and the respective global desaturation index for 

these FAs (C18:1n-9+C16:1n-7/C18:0+C16:0 ratio). From the 129 BC1_DU animals, 32 

samples with extreme values for C18:1n-9/C18:0 ratio were selected for the RNA-Seq analysis, 

16 with high values (H) and 16 with low values (L), using balanced sex and slaughterhouse 

batch factors in both groups. In order to determine significant differences in the FA profile for 

H and L groups (n = 32 extreme pigs), the non-parametric Mann-Whitney U test via R-base 

stats v3.6.2 package was used. In addition, the effect size (r) with its magnitude (small: (r) ≥ 

0.10 & < 0.30, moderate: (r) > 0.30 & < 0.50, and large: (r) ≥ 0.50) was calculated using the 

“wilcox_effsize” function of the rstatix v0.7.0 package [17]. 

2.3. Total RNA isolation 

Total RNA was isolated from the LD muscle of 32 animals using the RiboPure™ Isolation kit 

for High Quality Total RNA (Ambion®; Austin, TX) following the manufacturer’s 

recommendations. RNA quantification and purity was determined with a NanoDrop ND-1000 

spectrophotometer (NanoDrop products, Wilmington, DE, USA). RNA integrity was checked 

by Agilent Bioanalyzer-2100 equipment (Agilent Technologies, Inc., Santa Clara, CA, USA), 

and samples with an RNA integrity number (RIN) greater than 7 were used for the RNA-Seq 

experiment. 

2.4. RNA library preparation and sequencing 

Library preparation and sequencing was performed at CNAG institute (Centro Nacional de 

Análisis Genómico, Barcelona, Spain). For each sample, one paired-end library was prepared 

using TruSeq Stranded mRNA kit (Illumina, Inc.; San Diego CA, USA). To discriminate among 

samples, libraries were labeled by barcoding and pooled to be run in an Illumina HiSeq 

3000/4000 instrument (Illumina, Inc.; San Diego CA, USA). In this study, 2 × 75 bp reads and 

a mean of 42.14 million of paired-reads per sample were generated. 
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2. 5. Single‑nucleotide polymorphism (SNP) genotyping 

Nine single nucleotide polymorphisms (SNPs) and one Indel located in the SCD gene were 

genotyped in the 32 pigs using Taqman OpenArray™ genotyping plates custom-designed in a 

QuantStudio™ 12K flex Real-Time PCR System (ThermoFisher Scientific). Of these 

polymorphism, four were located in the promoter region, one in the 5’UTR region, and four in 

the 3’UTR region (Table S1). 

2.6. Bioinformatic analyses 

Quality control and reads statistics were determined by using MultiQC v0.7 program [18]. 

Sequencing reads were mapped employing the STAR alignment software (v2.7.9a) with default 

parameters [19], and using the Sscrofa11.1 pig genome assembly as reference (annotation 

database Ensemble Genes 97). Then, gene expression was quantified by RSEM v1.2.28 

program [20]. 

All statistical analyses were implemented in R v4.1.0 program [21]. Filtering was performed to 

keep only genes with a minimum of 32 read counts and 14,921 genes were retained. 

Subsequently, analysis of differentially expressed genes (DEGs) between H and L groups (with 

L as reference level) was performed using the DESeq2 v1.32.0 package [22]. The statistical 

negative binomial model to analyze gene expression (variable response) included three 

predictors or fixed factors, the sex (2 levels), slaughterhouse batch (4 levels) and extreme 

phenotypes (2 levels: H and L). All genes with a fold change (FC) value between H and L 

groups of at least 1.2 (log2FC ≥ |0.26|) and adjusted P-value (P-adj) < 0.05 for multiple testing 

correction [23] were selected as DEGs. A principal component analysis (PCA) was performed 

using normalized count matrix by DESeq2 regularized logarithm (rlog) transformation in the 

factoextra v1.0.7 package [24]. With this step we explored the gene expression variation 

between the H and L groups. 

Finally, the list of DEGs were submitted to the ClueGO v2.5.8 plug-in [25] in Cytoscape v3.8.2 

software [26] for GO term and KEGG pathways enrichment analysis. Gene Enrichment 

significance was assessed with a hypergeometric test using the method of Benjamini-Hochberg 

[23] for multiple testing correction (corrected P-value < 0.05). 
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2.7. Validating RNA-Seq results with RT-qPCR 

Three of the DEGs, fatty acid binding protein 3 (FABP3), peroxisome proliferator activated 

receptor gamma (PPARG) and stearoyl-CoA desaturase (SCD), were selected due to its 

biological relevance for gene expression profiling by reverse transcription quantitative real-

time PCR (RT-qPCR) in the LD muscle of the 32 extreme pigs. All the steps for Multiplex RT-

qPCR were described in Puig-Oliveras et al. [27], including the housekeeping genes (i.e., Actin 

beta: ACTB and TATA-box binding protein: TBP). According to Criado-Mesas et al. [28], the 

gene expression levels were expressed as normalized quantity values (NQ) applying the relative 

standard curve method. Besides, a log2 transformation for data normalization was applied. 

Significant differences (P-value < 0.05) in RT-qPCR gene expression levels between H and L 

groups were determined using a t-test approach. Pearson correlation between RT-qPCR 

(log2NQ) and RNA-Seq (log2CPM via edgeR v3.40.2 package) [29] expression values was 

calculated using the cor.test function. 

 3. Results and Discussion 

3.1. Description of the intramuscular fatty acid profile 

The intramuscular FA profile of the 32 animals selected for RNA-Seq (Table 1) are in 

agreement with the range of values previously reported in pig muscle [2]. As expected, higher 

desaturation indexes were observed in H group in comparison to L animals, including the 

C18:1n-9/C18:0 ratio (trait of interest, P = 1.54E-06 with CV = 22.33%), the C16:1n-7/C16:0 

ratio (P = 2.64E-05), the C18:1n-9+C16:1n-7/C18:0+C16:0 ratio (P = 3.33E-09), and the 

MUFA/SFA ratio (P = 3.33E-09). In addition, the proportion of the products of the desaturation 

process (C18:1n-9, P = 2.23E-07; C16:1n-7, P = 1.47E-05; and MUFA, P = 1.50E-07) was 

higher in H animals. Conversely, no significant differences were detected for the substrates of 

SCD gene (C16:0, P = 0.10; C18:0, P = 0.24; and SFA, P = 0.81). SCD is the rate-limiting 

enzyme catalyzing the synthesis of MUFA, mainly C18:1n-9 and C16:1n-7 [9]. The two major 

products of SCD reaction are C18:1n-9 and C16:1n-7 formed by Δ9-desaturation [10] of C18:0 

and C16:0, respectively. Hence, the higher FAs desaturation indices (C18:1n-9/C18:0 and 

C16:1n-7/C16:0) of H animals can be explained by a higher expression of the SCD gene. 

In addition, a high variability (CV) in all percentages of PUFA traits was observed (Table 1), 

being lower its content in H animals. The comparison between both groups indicates a lower 
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proportion of the main PUFA (C18:2n-6, P = 7.07E-05; C18:3n-3, P = 2.98E-03; C20:4n-6, P 

= 5.73E-05; and PUFA, P = 7.07E-05) in H animals. Interestingly, both n-3 and n-6 PUFA 

have been described as powerful inhibitors of SCD gene expression [30]. However, in the 32 

animals analyzed here, no significant correlation was observed between PUFA and SCD 

expression, suggesting a different molecular mechanism connecting the lower PUFA with the 

higher MUFA contents observed in H-animals muscle. In addition, the IMF content is also 

higher in H animals (P = 2.59E-03), while no differences in carcass weight (CW) were 

observed. 

Table 1. Relative percentage of intramuscular FA composition and differences between H and 

L groups of BC1_DU pigs. 

 Parameter  Mean by group ± SEM Significance 

Trait 
Mean global ± 

SEM 
CV (%) H L P-valueŧ Effsize 

IMF (%) 3.608±0.229 35.847 4.187±0.385 3.028±0.151 2.59E-03 0.520L 

CW (kg) 76.759±1.242 9.155 76.006±2.012 77.512±1.502 6.65E-01 0.080S 

Fatty acid composition (%) 

C14:0 1.235±0.050 22.900 1.354±0.048 1.115±0.078 1.70E-02 0.420M 

C16:0 23.287±0.345 8.369 23.814±0.436 22.761±0.513 1.02E-01 0.293S 

C18:0 13.691±0.382 15.788 13.220±0.350 14.162±0.672 2.39E-01 0.213S 

C16:1n-7 2.746±0.118 24.227 3.216±0.102 2.275±0.131 1.47E-05 0.706L 

C18:1n-9 34.314±1.316 21.699 40.302±0.847 28.327±1.290 1.82E-06 0.800L 

C18:2n-6 14.120±1.301 52.112 9.485±1.177 18.755±1.657 7.07E-05 0.660L 

C18:3n-3 0.444±0.025 31.952 0.379±0.027 0.509±0.037 2.98E-03 0.513L 

C20:4n-6 3.288±0.455 78.240 1.622±0.310 4.955±0.623 5.73E-05 0.666L 

SFA 38.213±0.679 10.044 38.389±0.730 38.038±1.169 8.38E-01 0.040S 

MUFA 37.060±1.399 21.349 43.518±0.866 30.602±1.332 1.50E-07 0.806L 

PUFA 17.853±1.752 55.515 11.486±1.497 24.219±2.246 7.07E-05 0.660L 

C16:0+ 

C16:1n-7 

26.033±0.425 9.231 27.030±0.507 25.036±0.597 2.34E-02 0.400M 

C18:0+ 

C18:1n-9 

48.006±1.471 17.329 53.522±1.160 42.489±1.88 8.69E-05 0.653L 

C16:1n-

7/C16:0 

0.117±0.004 20.478 0.135±0.003 0.100±0.005 2.64E-05 0.746L 

C18:1n-

9/C18:0 

2.538±0.100 22.336 3.060±0.042 2.016±0.058 1.54E-06 0.853L 

MUFA/SFA 0.969±0.032 18.643 1.134±0.012 0.803±0.020 3.33E-09 0.853L 

MUFA/PUFA 3.042±0.350 65.047 4.448±0.395 1.635±0.293 1.87E-05 0.700L 

PUFA/SFA 0.493±0.057 65.837 0.315±0.056 0.672±0.079 1.06E-03 0.560L 

C16:1n-7+ 

C18:1n-9/ 

C16:0+ C18:0 

1.001±0.034 18.931 1.176±0.012 0.827±0.021 3.33E-09 0.853L 

ŧValue calculated with the non-parametric Mann-Whitney U test using “wilcox.test()”, SEM = 

standard error of the mean, CV = coefficient of variation, Effsize = effect size (r) calculated via 

"wilcox_effsize()". The superscripts "S, M, L" for (r) are the magnitudes commonly interpreted in 

the published literature as: small effect (0.10 to < 0.3), moderate effect (0.30 to < 0.5) and large 
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effect (>= 0.5). SFA (C14:0 + C16:0 + C18:0), MUFA (C16:1n-7 + C18:1n-9), and PUFA 

(C18:2n-6 + C18:3n-3 + C20:4n-6) = sum of main saturated, monounsaturated and 

polyunsaturated FAs, respectively. 

3.2. Transcriptome analysis of the LD muscle tissue in pigs 

RNA-Seq data of LD muscle from 32 pigs with extreme C18:1n-9/C18:0 ratio (H and L) was 

generated in the sequencing experiment. After quality control, a mean of 42.14 million of 75 

bp-long paired-reads per sample were obtained. In total, 137.8 gigabases (Gb) of sequence was 

generated, and with a range of 2.50 to 8.90 Gb per sample. Approximately 88.40% (ranging 

from 74.4 to 95.56%) of the reads were uniquely mapped to the Sscrofa11.1 pig genome 

assembly. On the other hand, a total of 25,880 genes corresponding to 22,342 annotated protein 

coding genes were identified. Of these, 14,958 were known genes with symbol ID. 

3.3. Differential gene expression analysis 

After filtering the matrix of counts, a total of 14,921 genes were subjected to DEGs analysis 

between the two groups of extreme pigs (H and L). According to the employed cutoff (absolute 

FC ≥ 1.2 and P-adj ≤ 0.05), 79 protein-coding genes and two pseudogenes were identified as 

DEGs (Table S2). The volcano plot (Figure 1) shows twenty-four genes that had a higher 

expression (29.63%) in the H group in comparison with L group (i.e., the reference level) and 

fifty-seven with lower expression (70.37%). 
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Figure 1. Muscle RNA-Seq differentially expressed genes between H and L groups for C18:1n-

9/C18:0 ratio in the LD muscle of BC1_DU pigs. Each dot represents a gene (14,921 genes). 

On the x-axis the log2FC values with thresholds of −0.26 and 0.26 and limits of −2.5 and 2.5 

were represented. On the y-axis, the significance in gene expression is represented as -log10 of 

the P-value with limits of 0 to 7. Cyan dots indicate differentially-expressed protein-coding 

genes by FC and P-adj (81 DEGs), while red dots correspond to the rest of the genes non DEGs. 

Black dashed lines indicate a log fold-change threshold of -1.2 and 1.2 and an adjusted P-value 

(P-adj) threshold of 0.05 (the –Log10P-value of 3.43 corresponds to the P-adj threshold). 

A principal component analysis (PCA) for the expression values of the 81 DEGs showed a clear 

separation between samples of the H and L groups. But also, PCA results indicate similarities 

among samples subjected to the same group (i.e., samples that cluster together were reasonably 

well-separated along the x-axis) (Figure 2). 
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Figure 2. Principal component analysis summarizing the separation and similarities among 

groups (H and L) using rlog values of 81 DEGs in factoextra R package. This PCA plot 

illustrates the separation between H and L animals, differing in the C18:1n-9/C18:0 ratio. The 

two first principal components (PC1: x-axis and PC2: y-axis, respectively) are shown.  

In general, the scientific literature search of the 81 DEGs (Table S2) revealed that ten genes 

(ACAD10, ACADVL, ECHDC3, FABP3, FADS3, ILVBL, MMAA, PLIN1, PPARG, and SCD) 

are well-known for their role in energy, lipid and carbohydrate metabolism, and mitochondrial 

fatty acid beta-oxidation; which are important pathways to modulate the FA composition. Three 

of these genes (ACADVL, PLIN1 and SCD) and four other DEGs (DZANK1, GOT1, PANK1, 

and PPP1R1B) were previously detected as DEGs in the LD muscle transcriptome of 

phenotypically extreme animals (H vs. L groups, only females) for intramuscular FA 

composition from an Iberian × Landrace backcross population (BC1_LD) [31]. In addition, the 

hepatocyte growth factor activator (HGFAC, P-adj = 4.34E-07), which is the most significant 

DE gene, has been reported as a ChREBP-regulated hepatokine in mice and humans. HGFAC 

codes for a  protease that activates the pleiotropic hormone hepatocyte growth factor [32]. This 

gene enhances lipid and glucose homeostasis, mediated in part by the activation of hepatic 

peroxisome proliferator-activated receptor gamma (PPARG). 
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3.3.1. Genes with increased expression in H compared with L pigs 

Among the up-regulated genes in H-group animals, the stearoyl-CoA desaturase (SCD) was 

one of the most significant DEGs (log2FC = 1.10, P = 9.1298E-06, P-adj = 6.24E-03, Table 

S2). This is the expected result according to the SCD gene function, which converts SFA (16-

carbon 16:0 acid and 18-carbon 18:0 acid) to MUFA (16:1n-7 and 18:1n-9 acids, respectively) 

[33]. Hence, a higher SCD gene expression is likely determining the increased desaturation ratio 

values (C18:1n-9/C18:0, C16:1n-7/C16:0, C18:1n-9+C16:1n7/C18:0+C16:0, and 

MUFA/SFA) in muscle in H animals. 

Complementarily, we also investigated the correlation between the expression of SCD and 

phenotypic value of the desaturation ratios in muscle. Here we found that the correlation was 

moderate, in detail r = 0.65 for C18:1n-9/C18:0, r = 0.68 for C16:1n-7/C16:0, and r = 0.54 for 

C18:1n-9+C16:1n-7/C18:0+C16:0; in all three cases with P ≤ 0.001. 

A polymorphism in the promoter region of the SCD gene (AY487830:g.2228T>C SNP, 

rs80912566) was described as the causal mutation for muscle and fat desaturation ratios 

(18:1/18:0 ratio) in purebred Duroc pigs, being the T allele associated with higher desaturation 

ration and increased SCD expression in muscle [11]. However, in a GWAS performed for the 

IMF C18:1n-9/C18:0 ratio in animals of the BC1_DU backcross (the 32 RNA-Seq animals 

belong to this backcross) [13], the rs80912566 SNP was not the most significantly associated 

to IMF C18:1n-9/C18:0 ratio. Here, we genotyped ten additional genetic variants, including 

this putative causal SNP, located in the promoter, 5’UTR and 3’UTR regions of the SCD gene 

(Table S1) in the 32 RNA-Seq animals. Animals of the H group had a higher allelic frequency 

of the T allele of the rs80912566 SNP (0.91) in comparison to L group animals (0.59). Seven 

SNPs, from the promoter to the 3’UTR region, are associated in two haplotypes (from 

rs80813866 at SSC14:111460852 to rs334462984 at 14:111475110), being three SNPs of the 

3’UTR excluded (rs338494000, rs710198292, and rs331969256). Haplotype H1 (C-C-C-T-A-

C-G) contains the T allele of the rs80912566 SNP, while haplotype H2 (A-G-T-C-G-T-C) has 

the alternative C allele. Among the H animals 13 where homozygous for haplotype H1 (H1H1) 

and three heterozygous (H1H2). Conversely, among L animals four where homozygous for 

haplotype (H1H1), 11 heterozygous (H1H2) and one homozygous for haplotype H2 (H2H2). 

Hence, H animals showed a higher frequency of the H1H1 genotype than L animals, but the 

haplotype is not explaining completely the classification in H and L animals, nor the SCD 
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expression or the C18:1n-9/C18:0 ratio (Figure 3). These results suggest that other causal 

variant in linkage disequilibrium with rs80912566 may be explaining the IMF C18:1n-9/C18:0 

ratio and SCD expression differences. Hence, further studies will be required to find and 

validate the causal mutation in the BC1_DU population, as well as in other pig populations. 

 

Figure 3. Distribution of the haplotypes of single nucleotide polymorphisms (SNPs, 

rs80813866, rs80956173, rs323081995, rs80912566, rs342182479, rs331901016, and 

rs334462984) located in the SCD gene. Such haplotypes are represented according to the 

classification in H and L animals, SCD expression, and C18:1n-9/C18:0 ratio. 

Several transcription factors (TFs) binding sites were found in the pig SCD gene promoter [11], 

including the PUFA response element (PUFA-RE), the sterol regulatory element (SRE) where 

the SREBP-1C transcription factor binds, the peroxisome proliferator-activated receptor 

gamma (PPARG) motif, and the retinoic receptor and the retinoic acid receptor α (RXR:RARα) 

binding elements, suggesting a fine regulation of its expression. In our RNA-Seq study, the 
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PPARG gene expression was increased in the H group (log2FC = 0.63, P = 3.28E-04, P-adj = 

4.94E-02, Table S2). PPARG is a member of peroxisome proliferator-activated receptors 

(PPARs), which are a family of transcription factors involved in the regulation of lipid 

metabolism genes [34], including the induction of the SCD gene expression [35]. Hence, a 

higher expression of PPARG in H animals is associated with higher SCD levels in pig muscle, 

but we cannot conclude that there is a direct effect. Moreover, PUFA (including long chain 

FAs, LCFA) has been reported to repress the induction of lipogenic genes (e.g., SCD) through 

different mechanisms [36–38], including binding to the PUFA-RE element and suppression of 

SREBP-1c gene transcription and proteolytic processing, and enhancing mRNA SREBP-1c 

degradation. For instance, SREBP-1c has been reported to activate SCD gene expression by 

binding to the SRE element of the promoter. The lower PUFA content in the muscle of H 

animals (P = 7.07E-05) might repress the PPARG gene expression (r PUFA-PPARG = -0.52, P = 

2.01E-03), and consequently modulate the SCD gene expression in LD muscle. 

As shown in Table S2, another attractive DEG between the two groups of animals was the 

perilipin 1 gene (PLIN1) which showed higher expression (log2FC = 1.63, P = 2.01E-04, P-adj 

= 0.03) in the H group. PLIN1 is a member of the PAT family of proteins that are able to bind 

lipid droplets [39] and plays a role in regulating intracellular lipid storage and mobilization, 

controlling lipid homeostasis. PLIN1 has been identified among the LD muscle overexpressed 

genes in pigs with a high IMF content, both in Iberian purebred pigs [40] and in commercial 

hybrid pigs [41]. Similarly, H animals, with higher PLIN1 expression, showed a higher IMF 

content in LD muscle (P = 2.59E-03, Table 1). 

The fatty acid desaturase 3 gene (FADS3) (log2FC = 0.51, P = 1.07E-04, P-adj = 0.02) was 

overexpressed in the H-group animals (Table S2). FADS3 is a member of the FADS family of 

fatty acid desaturases, including FADS1 and FADS2 genes, clustered together on porcine 

chromosome 2 [42]. FADS3 function is unknown, but its high sequence homology to functional 

FADS1 and FADS2 suggest that it is involved in long chain PUFA biosynthesis [43]. In 

addition, the expression of FADS3 has been shown to be up-regulated markedly in mice lacking 

FADS2 [44], which suggested that FADS3 is a homologous gene to FADS2. 

Our results also showed an overexpression of nerve growth factor receptor (NGFR) (log2FC = 

1.23, P = 6.09E-06, P-adj = 5.65E-03) in H group animals (Table S2). NGFR gene is regulating 

the translocation of GLUT4 to the cell surface in adipocytes and muscle cells in response to 
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insulin [36]. In addition, it has been involved in the regulation of insulin-dependent glucose 

uptake and the regulation of glucose homeostasis [45]. 

3.3.2. Genes with decreased expression in H compared with L pigs 

The fatty acid binding protein 3 (FABP3) (log2FC = -0.66, P = 2.11E-04, P-adj = 0.03) had a 

lower expression in the H vs. L groups (Table S2). The FABP3, also known as H-FABP (heart-

type cytoplasmic fatty acid-binding protein), belongs to a family of FA binding proteins 

(FABPs, with nine members), which are involved in intracellular transport of long-chain FAs 

in muscle cells and the regulation of FA uptake [46,47]. FABPs are intracellular lipid 

chaperones which dictate the destiny of lipids and coordinate lipid trafficking and signaling in 

cells. As a member of this gene family, FABP3 is expressed in a large number of tissues, 

including heart, skeletal muscle and adipose tissue among others, but also it has been reported 

to be involved in FAs uptake and transport to mitochondria for β‑oxidation in muscle [48]. 

Furthermore, FABPs binding FAs (overall to long-chain FAs) can potentially enter the nucleus 

to target members of the PPARs family (including PPARG) of transcription factors [48]. 

3.4. Gene ontology and pathways analysis 

To better understanding the underlying biological processes, molecular functions and metabolic 

pathways affected by DEGs (81 genes), functional gene ontology (GO) and KEGG enrichment 

analyses were performed. The 81 DEGs were significantly enriched (Kappa score = 0.4 and P-

adj < 0.05) in 2 GO and 1 KEGG pathway (Table 3). The main GO term detected was the PPAR 

signaling pathway (FABP3, PLIN1, PPARG, and SCD). In concordance, the peroxisome 

proliferator-activated receptor (PPAR) signaling pathway was significantly overrepresented in 

the muscle transcriptome analysis of pigs (Iberian × Landrace backcross) with divergent muscle 

FA composition [31]. PPARs are important upstream transcription factors regulating fatty acid 

metabolism and modulating gene expression of target genes, depending on the presence of co-

repressors or co-activators [49]. PPARG is one of the three known isoforms of PPARs, which 

are ligand-activated transcription factors. Likewise, PPARG is involved in the regulation of 

adipogenesis, lipogenesis, lipid storage, and insulin sensitivity. In addition, a CRISPR/Cas9 

transgenic pig with increased expression of PPARG in skeletal muscle showed a higher 

expression of genes involved in adipocyte differentiation and fat deposition as FABP4, LPL, 

and PLIN1 genes [50]. 
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Table 2. Functional analysis for the 81 differentially expressed genes between H and L 

groups in BC1_DU pigs. 

GO term P-value P-value by B-H Associated genes 

Activation of cysteine-type 

endopeptidase activity involved in 

apoptotic process 

1.52E-03 1.52E-03 BOK, NGFR, PPARG 

Negative regulation of ERK1 and 

ERK2 cascade 

1.09E-03 1.64E-03 CAMK2N1, EPHB2, VRK3 

PPAR signaling pathway 1.96E-04 5.87E-04 FABP3, PLIN1, PPARG, SCD 

Footnotes: These results of gene ontology analysis were obtained via ClueGO plug-in in 

Cytoscape software, B-H is Benjamini-Hochberg method indicating the type of correction for 

P-value. 

3.5. Validating RNA-Seq results with RT-qPCR 

We selected three protein coding genes (FABP3, PPARG and SCD) with an important role in 

lipid metabolism to validate the differential expression RNA-Seq results via RT-qPCR. There 

was a good concordance between the expression values measured by RNA-Seq (log2CPM) and 

the RT-qPCR (log2NQ) methods, showing significant correlations (P ≤ 0.005) of 0.776 for 

FABP3, 0.693 for PPARG, and 0.834 for SCD genes. Since PPARG is a transcription factor 

which binds to the SCD gene promoter [11], the correlation between gene expression of both 

genes was screened. A strong correlation between the expression of SCD and PPARG genes (r 

= 0.75, P = 9.295E-07) measured by RT-qPCR was observed. A similar correlation value 

between the expression of these genes (r = 0.78, P < 1.00 × 10-16) has also been reported in 

Iberian × Landrace backcrossed pigs [27]. 

Comparison of the H and L groups RT-qPCR expression levels indicated significant differences 

(P < 0.05) for SCD and PPARG genes and suggestive differences (P < 0.1) for FABP3 gene 

(Table 3). Hence, confirming the expression findings of the RNA-Seq analysis. 
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Table 3. Validations of SCD, PPARG, and FABP3 gene expression in H and L animals obtained 

by Real-Time quantitative PCR in the LD muscle of BC1_DU pigs. 

 
Mean by group in 

log2NQ scale ± SEM 
Significance 

Gene n Mean ± 
SD 

H L CI95% P-value 

SCD 31¥ 0.27±0.53 -1.98±0.32 -3.40±0.20 0.63, 2.20 0.00101 

PPARG 31¥ 0.27±0.22 -1.89±0.21 -2.48±0.15 0.032, 1.14 0.03891 

FABP3 31¥ 0.96±0.62 -0.56±0.19 -0.02±0.21 -1.14, 0.05 0.07193 

¥Of the total of 32 samples, only one NA value was observed in the three genes, n = number of 

data, Mean ± SD = raw means and SD = standard deviation, CI95% = confidence interval at 95 

percent, SEM = standard error of the mean, and NQ = normalized quantity values. In the 

comparison of means between H and L groups, the function “t.test()” was used. 

 

4. Conclusions 

 

In summary, we identified 81 DEGs and the PPAR signaling pathway overrepresented from the 

LD muscle transcriptome analysis in pigs with extreme values of the intramuscular C18:1n-

9/C18:0 ratio. Among the DEGs, SCD showed a higher expression in H animals in agreement 

with their increased desaturation indices (C18:1n-9/C18:0 and C16:1n-7/C16:0). Seven SNPs 

located in the SCD gene are segregating in two haplotypes with different frequencies in the H 

and L animals. However, other additional factors are required to explain the differences in 

desaturation ratios. Other DEGs may be associated with the differences between H and L 

animals, not only in C18:1n-9/C18:0 ratio, but also in IMF and PUFA like C18:2n-6, C18:3n-

3, and C20:4n-6. A model including SCD gene expression and PUFA is suggested to explain 

the C18:1n-9/C18:0 ratio differences. 

Supplementary Materials: Table S1: Genotyping of SNPs located in the SCD gene by Taqman 

OpenArray™ plates in LD muscle from BC1_DU pigs. Description: Information of primers 

used for the genotyped of ten additional genetic variants, including the putative causal SNP 

(rs80912566), located in the promoter, 5’UTR and 3’UTR regions of the SCD gene; Table S2: 

Differentially expressed genes between H and L groups for C18:1n-9/C18:0 ratio in LD muscle 
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from BC1_DU pigs. Description: FC: Fold change. P-value calculated with Wald test. P-adj: 

adjusted P-values by Benjamini-Hochberg method.  
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Table S2. Differentially expressed genes between H and L groups for C18:1n-9/C18:0 ratio in 

LD muscle from BC1_DU pigs. 

 

Ensembl ID Symbol log2FC FC P-value P-adj 

ENSSSCG00000008700 HGFAC -8.33 0.003 3.53E-11 4.34E-07 

ENSSSCG00000009039 MMAA -0.46 0.73 6.12E-08 3.77E-04 

ENSSSCG00000005669 MIGA2 -0.83 0.56 1.10E-06 2.36E-03 

ENSSSCG00000001550  -1.70 0.31 1.11E-06 2.36E-03 

ENSSSCG00000010251 SUPV3L1 -0.51 0.70 1.12E-06 2.36E-03 

ENSSSCG00000011195 GALNT15 -1.48 0.36 1.15E-06 2.36E-03 

ENSSSCG00000025751 MDH1 -0.52 0.69 2.57E-06 4.53E-03 

ENSSSCG00000011119 ECHDC3 -0.47 0.72 3.16E-06 4.75E-03 

ENSSSCG00000011314 LZTFL1 -0.46 0.72 3.48E-06 4.75E-03 

ENSSSCG00000009836 ACAD10 -0.43 0.74 5.36E-06 5.65E-03 

ENSSSCG00000017548 NGFR 1.23 2.35 6.09E-06 5.65E-03 

ENSSSCG00000017947 ACADVL -0.44 0.74 6.25E-06 5.65E-03 

ENSSSCG00000011197 OXNAD1 -0.65 0.63 6.26E-06 5.65E-03 

ENSSSCG00000022989 ZNF704 0.69 1.62 6.42E-06 5.65E-03 

ENSSSCG00000015281 PLEKHA6 0.89 1.86 8.41E-06 6.24E-03 

ENSSSCG00000039715 FAHD1 -0.46 0.72 8.84E-06 6.24E-03 

ENSSSCG00000010554 SCD 1.10 2.15 9.13E-06 6.24E-03 

ENSSSCG00000015290 CDK18 -1.26 0.42 1.52E-05 9.84E-03 

ENSSSCG00000010537 GOT1 -0.76 0.59 2.20E-05 1.34E-02 

ENSSSCG00000023045  0.57 1.49 2.28E-05 1.34E-02 

ENSSSCG00000007920  -0.74 0.60 2.52E-05 1.41E-02 

ENSSSCG00000028856 ABCF3 -0.34 0.79 2.78E-05 1.44E-02 

ENSSSCG00000038805  0.47 1.39 2.83E-05 1.44E-02 

ENSSSCG00000006354 TOMM40L -0.47 0.72 2.96E-05 1.44E-02 

ENSSSCG00000005645 TRUB2 -0.36 0.77 3.03E-05 1.44E-02 

ENSSSCG00000010860  -0.41 0.75 3.22E-05 1.47E-02 

ENSSSCG00000027922 UNC5CL -1.19 0.44 3.87E-05 1.67E-02 

ENSSSCG00000022446 SEL1L3 0.47 1.39 3.94E-05 1.67E-02 

ENSSSCG00000032684 BOK 0.64 1.56 4.30E-05 1.68E-02 

ENSSSCG00000021746 MRPL35 -0.35 0.78 4.46E-05 1.68E-02 

ENSSSCG00000021917 HIPK4 0.69 1.61 4.52E-05 1.68E-02 

ENSSSCG00000029838 FZD2 0.60 1.52 4.58E-05 1.68E-02 

ENSSSCG00000007094 DZANK1 -0.76 0.59 4.64E-05 1.68E-02 

ENSSSCG00000017801  1.49 2.83 5.49E-05 1.93E-02 

ENSSSCG00000000264 MFSD5 -0.47 0.72 6.57E-05 2.14E-02 

ENSSSCG00000005007  -0.33 0.79 6.66E-05 2.14E-02 
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Table S2. Differentially expressed genes between H and L groups for C18:1n-9/C18:0 ratio in 

LD muscle from BC1_DU pigs (Continued). 

 

Ensembl ID Symbol log2FC FC P-value P-adj 

ENSSSCG00000003565 NR0B2 -1.35 0.39 6.78E-05 2.14E-02 

ENSSSCG00000014148 TMEM161B -0.68 0.62 7.25E-05 2.23E-02 

ENSSSCG00000005041 FERMT2 0.32 1.26 7.61E-05 2.29E-02 

ENSSSCG00000038615 TAF9 -0.33 0.79 8.63E-05 2.53E-02 

ENSSSCG00000006345 OLFML2B 0.48 1.40 8.82E-05 2.53E-02 

ENSSSCG00000016577 ATP6V1F -0.37 0.77 9.99E-05 2.68E-02 

ENSSSCG00000030174 AP3S2 -0.30 0.81 1.00E-04 2.68E-02 

ENSSSCG00000003384 DNAJC11 -0.34 0.79 1.03E-04 2.69E-02 

ENSSSCG00000013073 FADS3 0.50 1.42 1.07E-04 2.75E-02 

ENSSSCG00000010529 SFRP5 0.81 1.75 1.11E-04 2.75E-02 

ENSSSCG00000002778 ZDHHC1 -0.65 0.64 1.12E-04 2.75E-02 

ENSSSCG00000013830 ILVBL -0.53 0.69 1.21E-04 2.91E-02 

ENSSSCG00000010068 SLC2A11 -0.52 0.69 1.23E-04 2.92E-02 

ENSSSCG00000032605  -0.51 0.70 1.33E-04 3.08E-02 

ENSSSCG00000037970 SOX8 0.70 1.63 1.44E-04 3.29E-02 

ENSSSCG00000000083  -0.46 0.73 1.49E-04 3.34E-02 

ENSSSCG00000037710 ZNF473 -0.54 0.69 1.61E-04 3.46E-02 

ENSSSCG00000003204 VRK3 -0.34 0.79 1.62E-04 3.46E-02 

ENSSSCG00000007780  -0.31 0.80 1.63E-04 3.46E-02 

ENSSSCG00000014900 RAB30 -1.16 0.45 1.70E-04 3.46E-02 

ENSSSCG00000008002 CIAO3 -0.34 0.79 1.72E-04 3.46E-02 

ENSSSCG00000010576 NOLC1 -0.38 0.77 1.74E-04 3.46E-02 

ENSSSCG00000024009  0.49 1.41 1.74E-04 3.46E-02 

ENSSSCG00000010507 TLL2 -0.76 0.59 1.79E-04 3.48E-02 

ENSSSCG00000015450 ZNF786 -0.63 0.64 1.81E-04 3.48E-02 

ENSSSCG00000001881 MAN2C1 -0.33 0.79 1.84E-04 3.48E-02 

ENSSSCG00000001844 PLIN1 1.62 3.09 2.01E-04 3.75E-02 

ENSSSCG00000036883 FABP3 -0.66 0.63 2.11E-04 3.78E-02 

ENSSSCG00000015742 TMEM177 -0.58 0.67 2.11E-04 3.78E-02 

ENSSSCG00000007864 GPRC5B 0.43 1.35 2.12E-04 3.78E-02 

ENSSSCG00000034124 CIAO2A -0.37 0.77 2.17E-04 3.82E-02 

ENSSSCG00000001659 KLC4 -0.36 0.77 2.28E-04 3.95E-02 

ENSSSCG00000022915 DDX27 -0.33 0.79 2.48E-04 4.25E-02 

ENSSSCG00000003621  -0.52 0.69 2.55E-04 4.30E-02 
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Table S2. Differentially expressed genes between H and L groups for C18:1n-9/C18:0 ratio in 

LD muscle from BC1_DU pigs (Continued). 

 

Ensembl ID Symbol log2FC FC P-value P-adj 

ENSSSCG00000001431 FKBPL -0.43 0.74 2.81E-04 4.63E-02 

ENSSSCG00000003527 EPHB2 0.99 1.99 2.84E-04 4.63E-02 

ENSSSCG00000017890 PITPNM3 -0.34 0.79 2.86E-04 4.63E-02 

ENSSSCG00000017498 PPP1R1B 1.13 2.20 3.05E-04 4.87E-02 

ENSSSCG00000007572 LFNG 0.59 1.51 3.14E-04 4.94E-02 

ENSSSCG00000007586 FSCN1 0.50 1.42 3.23E-04 4.94E-02 

ENSSSCG00000011579 PPARG 0.63 1.55 3.28E-04 4.94E-02 

ENSSSCG00000031847 RBM28 -0.31 0.80 3.32E-04 4.94E-02 

ENSSSCG00000013391  -0.33 0.79 3.34E-04 4.94E-02 

ENSSSCG00000010456 PANK1 -0.68 0.62 3.37E-04 4.94E-02 

ENSSSCG00000036944 TACO1 -0.30 0.81 3.44E-04 4.98E-02 

Footnotes: FC: Fold change, P-value calculated with Wald test, P-adj: adjusted P-values by 

Benjamini-Hochberg method.  
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Abstract 

 

Fatty acids (FAs) play an essential role as mediators of cell signaling and signal transduction, 

affecting metabolic homeostasis and determining meat quality in pigs. However, FAs are 

transformed by the action of several genes, such as those encoding desaturases and elongases of 

FAs in lipogenic tissues. The aim of the current work was to identify candidate genes, biological 

processes, and pathways involved in the modulation of intramuscular FA profile from longissimus 

dorsi muscle. FA profile by gas chromatography of methyl esters and gene expression by RNA‑Seq 

were determined in 129 Iberian × Duroc backcrossed pigs. An association analysis between the 

muscle transcriptome and its FA profile was performed, followed by a concordance and functional 

analysis. Overall, a list of well‑known (e.g., PLIN1, LEP, ELOVL6, SC5D, NCOA2, ACSL1, 

MDH1, LPL, LGALS12, TFRC, GOT1, and FBP1) and novel (e.g., TRARG1, TANK, 

ENSSSCG00000011196, and ENSSSCG00000038429) candidate genes was identified, either in 

association with specific or several FA traits. Likewise, several of these genes belong to biological 

processes and pathways linked to energy, lipid, and carbohydrate metabolism, which seem 

determinants in the modulation of FA compositions. This study can contribute to elucidate the 

complex relationship between gene expression and FA profile in pig muscle. 
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Introduction 

 

Fatty acids (FAs) are crucial for living organisms, playing an essential role as mediators of signal 

transduction, cellular differentiation, and metabolic homeostasis. FAs can be classified into 

three groups (saturated: SFA, monounsaturated: MUFA, and polyunsaturated: PUFA) that are 

either provided by the diet or derived from de novo fatty acid (FA) synthesis
1,2

. FAs derived 

only from the diet are known as essential (e.g., C18:2n-6 and C18:3n-3) while those that can 

be synthesized through de novo lipogenesis are known as non-essential (e.g., C16:0, C16:1n-

7, C18:0 and C18:1n-9)
3
. 

 

Studies on pork meat quality and nutritive values have received special attention over the last 

decade. In fact, intramuscular FA content and its composition are important indicators of meat 

quality in pigs. In pork, meat quality parameters are mainly evaluated by changes in the flavour, 

oxidative stability, firmness, color
4,5

, and its nutritional value which is mainly determined by the 

FA profile. However, FA composition varies across tissues, and it is greatly affected by several 

factors such as environmental and host-factors including diet, fatness, body weight, gender, 

breed, and age, among others
6–8

. In addition, genetic background and gene expression are also 

able to influence the FA composition traits. In fact, the combination of methodologies such as 

gas chromatography and RNA sequencing (RNA-Seq), provides a powerful tool to analyze FA 

determinations
9
, as well as global changes in muscle transcriptome

10
, but also to discover genes 

contributing to intramuscular FA variation in lipogenic tissues from pig populations
11–13

. 

 

The relationship between FA composition and gene expression is bidirectional. For example, 

dietary FAs like PUFA can affect gene expression by regulating the activity of several families 

of transcription factors (TFs, including PPARs, LXRs and SREBPs)
14

. By switching the direction 

of the effect, FA traits can also be modulated by genes encoding enzymes like desaturases and 

elongases in lipogenic tissues
2,15

. Notwithstanding, the regulatory mechanisms beyond these 

reactions are complex and involve the combination of TFs
2
, as well as several biological 

processes and pathways. In the context of animal and plant breeding, there is an increasing 

interest in identifying genes controlling the phenotypic variation of complex traits. That is the case 

of several studies focused on the genetic basis of intramuscular FA composition in pig muscle 

across several breeds
8,16–21

. 
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The aim of this work was to study the association between the porcine longissimus dorsi (LD) 

muscle FA profile and its transcriptome, focusing on the identification of the most relevant 

candidate genes, biological processes and pathways related to intramuscular FA composition. 

 

Methods 

Animals, sample collection and phenotypic data. A total of 129 animals generated by an 

experimental backcross named as BC1_DU (25% Iberian and 75% Duroc) were employed. All 

pigs were maintained under the same intensive conditions and fed ad libitum with a commercial 

cereal-based diet and free access to water. A more detailed description of the backcross 

BC1_LD generation, experimental design, animal raising, and feeding is provided in Martínez-

Montes et al.
22 Animal procedures were carried out according to the Spanish Policy for Animal 

Protection RD1201/05, which meets the European Union Directive 86/609 about the protection 

of animals used in experimentation. This study was conducted in accordance with relevant 

guidelines and regulations of the animal care and use committee of the Institut de Recerca i 

Tecnologia Agroalimentàries (IRTA), which adopts “The European Code of Conduct for 

Research Integrity” and “Good Experimental Practices”. Likewise, the experimental protocol 

was approved by the Ethical Committee of the IRTA. Our study is also reported in full 

compliance with ARRIVE guidelines (https://arriveguidelines.org/). Animals were 

slaughtered in five batches in a commercial abattoir of Mollerussa (Spain). Samples of 

longissimus dorsi (LD) muscle were collected, immediately snap frozen in liquid nitrogen and 

stored at −80 °C until analysis. In addition, the distribution by sex was 59 females and 70 

males, males were not castrated. At slaughter, pigs had an average age of 190 days (range 174–

205 days), and 73.70 kg of carcass weight (range 46.10–109.20 kg). 

 

FA composition in the C14-C22 range was determined using a gas chromatography of methyl 

esters protocol as described by Mach et al.
23 in intramuscular LD muscle (n = 129). In brief, 200 

g of LD muscle samples of 129 BC1_DU pigs were homogenized and used to measure the FA 

profile in duplicate. Additional information on the LD muscle FA composition in BC1_DU 

population is indicated in Crespo-Piazuelo et al.
20

.The FA composition (n = 17 FAs) was 

expressed as percentage of total identified FAs. Total percentages of SFA, MUFA, and PUFA 

were obtained through the sum of the individual FAs (Table 1). FA and metabolic ratios were 

https://arriveguidelines.org/
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calculated from the ratio between individual FA percentages as it is shown in Table 1. In 

addition, we further calculated the following FA metabolic indices: 

 

Average Chain Length (ACL) = ∑(percentage of FAs × carbon length),  

Double bond index (DBI) = ∑(percentage of FAs × number of double bond),  

Unsaturated Index (UI) = [(DBI × 100)/SFA], and 

Peroxidability Index (PI) = ∑[(percentage of monoenoic acid × 0.025) + (percentage of dienoic 

acid × 1) + (percentage of trienoic acid × 2) + (percentage of tetraenoic acid × 4)]. 

 

Table 1. Summary of descriptive statistics on the FA composition traits and FA metabolic 

indices in the LD muscle from BC1_DU pigs. Fatty acid composition is expressed as 

percentage of total fatty acids.  

 

Trait Name Mean SD Min Max SEM CV 

C14:0 Myristic acid 1.27 0.23 0.73 1.78 0.02 17.95 

C16:0 Palmitic acid 23.91 1.65 18.69 27.59 0.15 6.90 

C17:0 Margaric acid 0.25 0.11 0.12 0.90 0.01 42.27 

C18:0 Stearic acid 14.38 1.69 8.81 19.90 0.15 11.78 

C20:0 Arachidic acid 0.23 0.08 0.08 0.71 0.01 33.94 

C16:1n-7 Palmitoleic acid 2.79 0.53 1.24 4.08 0.05 18.83 

C16:1n-9 9-Hexadecenoic 

acid 

0.30 0.12 0.16 0.92 0.01 38.62 

C17:1 Heptadecenoic 

acid 

0.19 0.09 0.10 0.71 0.01 46.53 

C18:1n-9 Oleic acid 35.93 5.71 19.99 44.15 0.50 15.88 

C18:1n-7 Vaccenic acid 3.82 0.30 3.02 4.83 0.03 7.97 
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Table 1. Summary of descriptive statistics on the FA composition traits and FA metabolic 

indices in the LD muscle from BC1_DU pigs. Fatty acid composition is expressed as percentage 

of total fatty acids (Continued).  

 

Trait Name Mean SD Min Max SEM CV 

C20:1n-9 Gondoic acid 0.73 0.16 0.35 1.48 0.01 22.38 

C18:2n-6 Linoleic acid 12.13 5.82 4.81 29.34 0.51 48.01 

C18:3n-3 α-Linolenic acid 0.40 0.13 0.15 0.89 0.01 32.77 

C20:2n-6 Eicosadienoic 

acid 

0.43 0.12 0.14 0.91 0.01 28.61 

C20:3n-3 Eicosatrienoic 

acid 

0.18 0.10 0.02 0.65 0.01 54.98 

C20:3n-6 Dihomo-gamma-

linolenic acid 

0.45 0.29 0.09 1.49 0.03 63.29 

C20:4n-6 Arachidonic acid 2.58 1.94 0.47 10.51 0.17 75.01 

SFA Saturated FAs 40.04 3.05 29.11 46.11 0.27 7.61 

MUFA Monounsaturated 

FAs 

43.47 6.13 26.17 52.30 0.54 14.11 

PUFA Polyunsaturated 

FAs 

16.00 8.11 6.00 38.62 0.71 50.71 

ACL Average chain 

length 

17.50 0.09 17.33 17.79 0.01 0.49 

MUFA/SFA Ratio of MUFA 

to SFA 

1.09 0.13 0.62 1.36 0.01 11.84 

MUFA/PUFA Ratio of MUFA 

to PUFA 

3.54 1.85 0.71 8.54 0.16 52.32 

PUFA/SFA Ratio of PUFA to 

SFA 

0.42 0.25 0.14 1.24 0.02 61.27 

C16:1n-

7/C16:0 

Ratio of 

palmitoleic to 

palmitic 

0.12 0.02 0.05 0.16 0.001 16.11 
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Table 1. Summary of descriptive statistics on the FA composition traits and FA metabolic 

indices in the LD muscle from BC1_DU pigs. Fatty acid composition is expressed as percentage 

of total fatty acids (Continued). 

 

Trait Name Mean SD Min Max SEM CV 

C18:1n-

9/C18:0 

Ratio of oleic to 

stearic 

2.51 0.37 1.22 3.39 0.03 14.87 

C20:1n-

9/C20:0 

Ratio of gondoic 

to arachidic 

3.49 1.30 1.07 10.84 0.11 37.30 

C20:4n-

6/C20:3n-6 

Ratio of 

arachidonic to 

dihomo-gamma-

linolenic 

5.37 1.11 2.62 8.66 0.10 20.65 

C18:1n-

7/C16:1n-7 

Ratio of vaccenic 

to palmitoleic   

1.41 0.29 1.02 3.37 0.03 20.46 

C20:3n-

6/C18:2n-6 

Ratio of dihomo-

gamma-linolenic 

to linoleic 

0.04 0.01 0.02 0.08 0.0007 25.52 

C20:4n-

6/C18:2n6 

Ratio of 

arachidonic to 

linoleic 

0.19 0.06 0.06 0.41 0.01 33.07 

C18:2n-

6/C18:3n-3 

Ratio of linoleic 

to α-linolenic 

30.23 10.25 12.15 73.65 0.90 33.92 

ω6/ω3 Ratio of omega-6 

to omega-3 

26.46 8.07 14.33 49.78 0.71 30.48 

PI Peroxidability 

index 

26.06 14.19 9.48 73.21 1.25 54.44 

DBI Double-bond 

index 

0.82 0.15 0.63 1.31 0.01 18.14 

UI Unsaturated 

index 

2.10 0.58 1.39 4.18 0.05 27.72 

SEM—standard error of the mean. CV—coefficient of variation (in percentage). 
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The following sums of fatty acids, ratios and indexes were calculated: 

SFA = C14:0 + C16:0 + C17:0 + C18:0 + C20:0; MUFA = C16:1n-7 + C17:1 + C18:1n-7 + 

C18:1n-9 + C20:1n-9; PUFA = C18:2n-6 + C18:3n-3 + C20:2n-6 + C20:3n-6 + C20:4n-6; 

ω6/ω3 = (C18:2n-6 + C20:2n-6 + C20:3n-6 + C20:4n-6)/(C18:3n-3 + C20:3n-3); Average 

Chain Length (ACL) = (C14:0) × 14 + (C16:0 + C16:1n-9 + C16:1n-7) × 16 + (C17:0 + C17:1) 

× 17 + (C18:0 + C18:1n-9 + C18:1n-7 + C18:2n-6 + C18:3n-3) × 18 + (C20:0 + C20:1n-9 + 

C20:2n-6 + C20:3n-6 + C20:4n-6 + C20:3n-3) × 20)/100; Double Bond Index (DBI) = (C16:1n-

9 + C16:1n-7 + C17:1 + C18:1n-9 + C18:1n-7 + C20:1n-9) × 1 + (C18:2n-6 + C20:2n-6) × 2 + 

(C18:3n-3 + C20:3n-6 + C20:3n-3) × 3 + (C20:4n-6) × 4)/100; and Peroxidability Index (PI) = 

(C16:1n-9 + C16:1n-7 + C17:1 + C18:1n-9 + C18:1n-7 + C20:1n-9) × 0.025 + (C18:2n-6 + 

C202n-6) × 1 + (C18:3n-3 + C20:3n-6 + C20:3n-3) × 2 + (C20:4n-6) × 4. 

 

Total RNA isolation and sequencing. Total RNA was isolated from the LD muscle (100 mg) 

of 129 animals using the the RiboPure™ Isolation kit for High Quality Total RNA (Ambion®; 

Austin, TX) following the manufacturer’s recommendations. RNA quantification and purity 

was done with a NanoDrop ND-1000 spectrophotometer (NanoDrop products, Wilmington, 

DE, USA). RNA integrity was checked by Agilent Bioanalyzer-2100 equipment (Agilent 

Technologies, Inc., Santa Clara, CA, USA), using only those samples with an RNA integrity 

number (RIN) greater than 7 for the RNA-Seq experiment. 

 

Library preparation and sequencing was performed at CNAG institute (Centro Nacional de 

Análisis Genómico, Barcelona, Spain). For each sample, one paired-end library was prepared 

using TruSeq Stranded mRNA kit (Illumina, Inc.; San Diego CA, USA). To discriminate among 

samples, libraries were labeled by barcoding and pooled to be run in Illumina HiSeq 3000/4000 

instruments (Illumina, Inc.; San Diego CA, USA). In brief, in this study 2 × 75 bp reads, a mean 

of 45.09 million of paired-reads per sample, and an average of 90.06% (ranging from 80.51 to 

96.09%) of uniquely mapped reads were generated. 

 

Bioinformatic analyses. Quality control and basic statistics of reads were performed using 

FastQC (v0.11.9)24 and MultiQC (v0.7)25 programs, respectively. Sequencing reads were 

mapped employing the STAR software (v2.7.9a) with default parameters26, and using the 

Sscrofa11.1 pig genome assembly as reference. Then, gene expression was quantified using 

RSEM (v1.2.28)27 software with default parameters and annotation from pig Ensembl Genes 
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97. Filtering was performed to keep rows of those genes with at least 129 reads in total, thus, 

14,870 genes were retained. Normalization of the read counts was done as indicated below. 

 

Association between whole-transcriptome and FA profile in muscle. The association study 

was conducted using the ELMSeq approach28 on R v4.1.029. We used the type I penalty function 

to test the association of gene expression with FA profile in LD muscle, while adjusting for all 

other covariates. The final model is described as follows: 

 

𝐓𝐫𝐚𝐢𝐭𝑖 =  𝛃0 +  𝛃1𝐄𝐱𝐩𝐫𝐞𝐬𝐬𝐢𝐨𝐧1𝑖  + 𝛃2𝐒𝐞𝐱2𝑖 +  𝛃3𝐁𝐚𝐭𝐜𝐡3𝑖  +  𝜺𝑖 (1) 

where Traiti represents each FA trait or FA index (n = 36) transformed into log2 base, i 

represents the individuals, β0 is the intercept, Expressioni indicates the normalized gene 

expression value [log(counts + log.add)],  here "counts" is a matrix of m × n sizes, where m is 

the number of genes and n is the number of samples (14,870 × 129). β1, β2 and β3 are the beta 

coefficients, respectively. Sexi and slaughterhouse Batchi represents fixed effects with 2 

(female and male) and 5 levels (B1, B2, B3, B4 and B5), respectively. εi is the vector of residual 

effects. For ELMSeq, we used the sig_leval = 0.01, percentile = sig_leval, rho = 1, and log.add 

= 1e-3*min(counts[counts > 0]) parameters. Benjamini and Hochberg procedure30 was used to 

correct the raw P-value (BH adjusted P-value < 0.05) in the post-processing stage. 

 

Among the total associated genes with each trait, we counted the number of lipid related genes 

using a gene list manually curated and compiled by our research group based on gene functional 

annotation accordingly to GO and pathway terms available in gene ontology databases (e.g., 

KEGG, Reactome, WikiPathways, STRINGdb, AmiGO 2 and BioSystems of NCBI). The 

BioMart web tool (https://www.ensembl.org/) was used to extract attributes from Ensembl 

genome browser: (i) gene name, and (ii) human orthologues genes for those pig gene stable IDs 

without gene name. Afterwards, gene names were submitted (gene set augmentation) to the 

Geneshot tool using the ARCHS4 resource and the AutoRIF parameter31. Likewise, we 

compared the list of genes compiled in pig against the list of transcription factors (TFs) and TF 

co-factors from the AnimalTFDB v3.0 database http://bioinfo.life.hust.edu.cn/Animal 

TFDB/#!/). 

 

Concordance analysis. In order to have a preliminary quality control based on the biological 

role of the results of gene expression, a study of overlap between the number of associated 

http://bioinfo.life.hust.edu.cn/Animal%20TFDB/#!/
http://bioinfo.life.hust.edu.cn/Animal%20TFDB/#!/
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genes with each trait was carried out. This analysis was organized by grouping the FA into five 

categories: (i) saturated FAs, (ii) monounsaturated FAs, (iii) polyunsaturated FAs, (iv) FA 

ratios, and (v) metabolic ratios and indices. Within each group, we explored the number of 

genes detected by each trait as well as the intersection size using the ComplexUpset package 

v1.3.332. 

 

Gene ontology enrichment analysis. Gene Ontology (GO) enrichment analysis with the list 

of associated genes (by category among the trait class) were implemented using the ClueGO 

v2.5.8 plugin33 in Cytoscape v3.9.0 software34. All genes expressed in LD muscle were 

employed as background in the overrepresentation analysis across biological processes, 

molecular functions and pathways (KEGG). The statistical significance was assessed with a 

hypergeometric test using Benjamini and Hochberg method30 for multiple testing correction 

(BH corrected P-value < 0.05). In addition, a minimum k-score of 0.44 was used, GO tree 

interval levels set from three to eight, and a minimum of three genes per cluster with at least 

4% in selected genes. Results with and without the fusion feature “GO Term Fusion” were 

generated to evaluate the redundant parent–child terms. To this end, ClueGo output was 

visualized using an R script that allowed to facet by categories via the ggplot2 package v3.3.535. 

 

Correlation analysis. Pearson correlation analysis was carried out between the gene expression 

values and the FA phenotypic values using the R cor.test function. Here, the same normalization 

scale for the variables to be correlated was applied, as it has been described in the previous step 

of the ELMSeq algorithm. The Benjamini–Hochberg procedure30 was used to correct the raw 

P-value corresponding to the correlation coefficients. The goal of this strategy was to provide 

information about the direction of the association reported by ELMSeq, and therefore to obtain 

interpretable results regarding positive or negative relationships between the FA composition 

and the gene expression. 

 

Selection of candidate genes associated with the FA profile in muscle. The list of detected 

candidate genes were prioritized based on the following criteria: (i) candidate genes delimited 

into functional categories across biological processes, molecular functions and pathways (i.e., 

lipid metabolism, carbohydrate metabolism, amino acid metabolism, and nucleic acid 

metabolism terms); (ii) genes that correlate both specifically and simultaneously with FA 
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phenotypes; and (iii) literature mining plus novelty assessment via Geneshot (including: rare, 

uncommon, common and very common levels). 

 

Results 

 

Identification of candidate associated genes with FA profile in muscle. In the first step we 

performed an association analysis using the ELMSeq algorithm to identify genes (n = 14,870 

genes) associated with the profile of 36 FA in 129 BC1_DU pigs. We observed a variable 

number of associated genes across FA (1022 genes in total, Supplementary Table S1). Among 

the 36 traits, 22 FA were associated with a range of 1–553 genes. For each trait, we estimated 

the distribution of the number of associated genes across metabolic processes, lipid metabolism, 

TFs or co-factors, and novel genes (including long non-coding RNAs) (Supplementary Table 

S2). 

 

As shown in Fig. 1, it summarizes a description of the results corresponding to each of the FA 

categories: (1) saturated FAs, represented by three traits (C16:0, C18:0, and total SFA) with 2, 

29 and 33 associated genes, respectively; (2) monounsaturated FAs, six traits (C16:1n-7, 

C18:1n-9, C18:1n-7, and C20:1n-9, C16:1n-9 and total MUFA) were linked to 8, 33, 15, 123, 

1 and 34 associated genes, respectively; (3) polyunsaturated FAs, which includes two essential 

FAs (C18:3n-3 and C20:2n-6) and the total PUFA being associated to 4, 147 and 3 genes; (4) 

FA ratios (C16:1n-7/C16:0, C18:1n-7/C16:1n-7, C18:1n-9/C18:0, C18:2n-6/C18:3n-3, and 

ω6/ω3) linked to 4, 4, 3, 483 and 553 genes. Finally, on metabolic ratios and indices, five traits 

(MUFA/PUFA, MUFA/SFA, ACL, DBI, and UI) were linked with 30, 7, 22, 13 and 26 genes, 

respectively. 
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Figure 1. Analysis of overlapping and total number of associated genes by category of traits. 

The upset diagram (from left to right) shows the shared fraction (intersection size) of associated 

genes per pair of traits (colored bars), as well as the number of associated genes in each trait 

(gray bars). (A), (B), (C), (D) and (E) represents the group of saturated FAs, monounsaturated 

FAs, polyunsaturated FAs, FA ratios, and metabolic ratios and indices, respectively.  

 

Concordance analysis. The concordance analysis across the 22 FAs revealed that among the 

saturated FAs, 36.36% and 100% of the genes associated to C18:0 and C16:0 were commonly 

linked to the total SFA (Fig. 1A). On the other hand, monounsaturated FAs showed an overlap 

of genes associated to C16:1n-7 and C18:1n-9 compared with total MUFA (20.58% and 

91.17%, respectively), and 18.18% of shared genes was found between C16:1n-7 and C18:1n-

9 FAs (Fig. 1B). Regarding the polyunsaturated FAs, there were 33.33% and 66.66% 

overlapping genes between C18:3n-3, C20:2n-6 and total PUFA (Fig. 1C). Finally, the ω6/ω3 

and C18:2n-6/C18:3n-3 ratios showed a 57.32% of common genes because the ω6/ω3 ratio 
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contains C18:2n-6 and C18:3n-3 as major FAs, whereas the contrast between the rest of ratios 

showed a lower number of common genes (Fig. 1D). 

Gene ontology enrichment analysis. In the functional analysis, no significant GO 

terms/pathways were found for the list of associated genes (i.e., 50 in total) with the SFA 

category. Instead, for the other categories a total of 75 terms (biological process, molecular 

functions and pathways) were significantly enriched (Fig. 2). The full results (including genes 

by each GO terms) with and without “GO Term Fusion” can be consulted in Supplementary 

Table S3. As shown in Fig. 2, terms related to lipid metabolism were found on some categories, 

for example, “KEGG:03320 PPAR signaling pathway”, “GO:0008203 cholesterol metabolic 

process”, “KEGG:00564 Glycerophospholipid metabolism”, and “GO:0044539 long-chain 

fatty acid import”. Moreover, GO terms involved in carbohydrate metabolism were also 

enriched such as “GO:0006086 acetyl-CoA biosynthetic process from pyruvate”, “GO:0004738 

pyruvate dehydrogenase activity, “KEGG:00020 Citrate cycle (TCA cycle)”, and 

“KEGG:00,620 Pyruvate metabolism”. Other GO terms were found related to carbohydrate and 

lipid homeostasis “KEGG:04310 Wnt signaling pathway” and control metabolic processes 

“KEGG:04150 mTOR signaling pathway”, respectively. In addition, GO terms related to some 

biological process, such as “GO:0015980 energy derivation by oxidation of organic 

compounds”, “GO:0006091 generation of precursor metabolites and energy”, “KEGG:00190 

Oxidative phosphorylation”, “GO:2001256 regulation of store-operated calcium entry”, and 

“GO:0032543 mitochondrial translation”, were also enriched (Fig. 2). Finally, due to the low 

number of GO terms (n = 2, GO:0050880 and GO:0035150) found for the different metabolic 

ratios and indices, they were grouped into the single category term of “FA ratios and metabolic 

indices” (Fig. 2). 
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Figure 2. Functional enrichment analysis of the associated genes with FA profile and grouping 

by traits in BC1_DU pigs. The barplot with facets (from left to right) shows the enriched GO 

terms (BH adjusted P-value < 0.05) when grouping by traits. The traits grouped in this analysis 

are displayed in Fig. 1A-E. Legend: The full names to symbols ">..." are regulation of 

endoplasmic reticulum unfolded protein response; oxidoreductase activity, acting on the CH-

OH group of donors, NAD or NADP as acceptor and establishment or maintenance of epithelial 

cell apical/basal polarity. GO terms of each individual category are presented in Table S3. 

 

Correlation analysis with candidate genes and representative traits. Pearson correlations 

between the 22 FAs and their associated genes were calculated. Among these traits, 21 

(excluding the C16:1n-9 FA) showed significant correlations (BH adjusted P-value < 0.05) with 

547 genes (Supplementary Table S4). Out of these, 57 genes were prioritized by our analytical 

approach (Fig. 3). In general, the absolute correlation between gene expression and FA profiles 
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ranged from low to moderate (from - 0.19 to 0.51). Details about particular correlations can be 

found in Fig. 3. We noticed several genes simultaneously correlated with more than one trait 

(FBP1, PLIN1, MDH1, LEP, ACSL1, CYCS, SFRP5, PPP1R1B, IDH3A, TFRC, GOT1, SC5D, 

G0S2, PDHA1, LBX1, LGALS12, UQCRC2, PNPLA8, ABHD5, ESRRA, GYG2, ZDHHC1, 

PLCD3, UNC93A, ENSSSCG00000017801 alias TRARG1, ENSSSCG00000015889 alias 

TANK, and ENSSSCG00000038429). We also observed genes specifically correlated with a 

single trait, such as: LPL, ELOVL6, LPIN1, NCOA2, SDHD, SLC27A4, SLC16A6, SLC27A1, 

THOC1, TFAM, CYP2B22, ZDHHC20, NUP35, HOXB6, CBR2 and IGFBP5). Remarkably, 

when we explored the existence of genes inversely correlated between traits, we observed: (1) 

genes positively correlated with MUFA but negatively correlated with PUFA (PLIN1, SFRP5, 

PPP1R1B, and TRARG1), and vice versa (CYCS and TFRC); (2) genes positively correlated 

with MUFA and metabolic indices but negatively correlated with FA ratios (LEP); (3) genes 

positively correlated with MUFA and FA ratios but negatively correlated with PUFA 

(LGALS12); (4) genes negatively correlated with SFA but positively correlated with FA ratios 

and/or metabolic indices (NMNAT2); and (5) genes positively correlated with SFA traits but 

negatively correlated with metabolic indices (FBP1). 
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Figure 3. Heatmap of Pearson correlations of 21 representative traits with gene expression of 

57 candidate genes related to FA profile traits in BC1_DU pigs. All these genes passed the 

correlation criteria according to a BH adjusted P-value < 0.05. The grouping of the FA profile 

traits is the same as that of the ELMSeq step. 

 

Discussion 

 

Studies on pork meat nutritive values and quality have received special attention over the last 

decade. Among other factors, meat nutritive value is determined by FA composition, playing 

also an important role in meat quality traits. Likewise, gene expression is assumed to be able to 

control the variation of such traits. In the present work, we aimed to study the association of 

muscle transcriptome with intramuscular FA profile from LD muscle to identify candidate 

genes, biological processes and pathways related with FA composition in pigs. Here, we used 
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the ELMSeq approach28, which has been extensively employed in the study of human diseases 

like cancer or metabolic disorders. However, to the best of our knowledge, this is the first study 

that reports the use of ELMSeq approach to test the association between muscle transcriptome 

and FA composition in pigs or other livestock species. 

 

Here, we reported well-known candidate genes, but also promising novel genes associated to 

the intramuscular FA profile (Supplementary Tables S1 and S2). In order to prioritize genes, 

the list of candidates was processed through an analytical pipeline including: (i) concordance 

analysis between the number of associated genes across categories of FAs (Fig. 1), (ii) 

ontology-based functional classification (Fig. 2 and Supplementary Table S3), and (iii) 

correlation analysis of FA phenotypes and respective gene expression of the associated genes 

(Fig. 3). As results, we highlighted 57 candidate genes including protein-coding, transcriptional 

regulators, and long-non coding RNAs (Fig. 3). In the following sections, we discuss some of 

these genes accordingly to their biological function, as well as the novelty of our findings 

(Supplementary Table S2). 

 

Genes related to biosynthesis and degradation of FAs. FAs are transformed by the actions 

of a vast array of enzymes and, we found a subset of genes that encode enzymes involved in 

the degradation and synthesis of FAs. This list of candidate genes included enzymes with 

lipolytic or lipase activity (FBP1, LPL, MDH1, ACSL1, and GOT1), and lipogenic activity 

(ELOVL6, HMGCR and SC5D). A detailed examination of the association study revealed that 

fructose-bisphosphatase 1 (FBP1) showed a synergistic effect (positively associated) with 

C16:0, C18:0 and SFA traits, but antagonistic (negatively associated) effect with UI trait (Fig. 

3). FBP1 catalyzes the hydrolysis of fructose 1,6-bisphosphate to fructose 6-phosphate and 

inorganic phosphate, acting as a gluconeogenesis regulatory enzyme (GeneCards ID: 

GC09M094603)36. The expression of ELOVL fatty acid elongase 6 (ELOVL6) was highly 

associated with MUFA (Fig. 3). ELOVL6 encodes an enzyme responsible for condensation 

reaction, one of the four-step process (condensation, reduction, dehydration, and one further 

reduction) for elongation of very-long-chain (ELOVL) FAs. Further, ELOVL6 preferentially 

utilizes SFA and MUFA as a substrate (e.g., C16:0 and C16:1n-7, respectively)37. To be noted, 

previous studies in Iberian × Landrace pigs (BC1_LD) provided evidence of the link between 

a polymorphism in the promoter region of ELOVL6 (ELOVL6:c.-533C > T) and the percentage 

of C16:0 and C16:1n-7 FAs in LD muscle and backfat38. In addition, the ELOVL6:c.-394G > A 
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polymorphism was suggested as the causal mutation for the QTL on pig chromosome 8 (SSC8) 

that affects FA composition in BC1_LD pigs39. Despite this, our findings did not detect 

association between ELOVL6 and SFA, and just a suggestive association with C18:1n-9 and 

the MUFA/PUFA ratio (Supplementary Table S1). 

 

Among the genes with lipolytic effect, we detected malate dehydrogenase 1 (MDH1) associated 

to C18:1n-9, MUFA, and C18:2n-6/C18:3n-3 and ω6/ω3 ratios (Fig. 3). MDH1 encodes an 

enzyme which catalyzes reversible oxidation of malate to oxaloacetate in many metabolic 

pathways (including the citric acid cycle), utilizing the NAD/NADH-dependent system 

(GeneCards ID: GC02P063557)36. The function of MDH1 is primarily related to the production 

of aerobic energy for muscle contraction40, and it was reported as candidate gene of meat quality 

traits in Chinese pig breeds41. The expression of another gene, lipoprotein lipase (LPL), was 

negatively associated with C18:1n-7 (Fig. 3). LPL belongs to the PPAR signaling pathway (Fig. 

2), and has the dual functions of triglyceride hydrolase and ligand/bridging factor for receptor-

mediated lipoprotein uptake (GeneCards ID: GC08P019901)36. Therefore, LPL hydrolyzes 

circulating triglyceride containing chylomicrons and very lowdensity lipoproteins to produce 

free FA. These free FAs can be assimilated by different tissues, such as muscle and adipose 

tissue42. 

Regarding the genes involved in lipogenesis, we detected sterol-C5-desaturase (SC5D) as 

positively associated with C20:2n-6, and with C18:2n-6/C18:3n-3 and ω6/ω3 ratios (Fig. 3). 

SC5D (also known as SC5DL) encodes an enzyme of cholesterol biosynthesis (GeneCards ID: 

GC11P121292)36. SC5DL has been found to be one of the downregulated genes related to 

cholesterol metabolism in various tissues (including muscle) of lambs43. In a similar way, 3-

hydroxy-3-methylglutaryl-CoA reductase (HMGCR) was positively associated with C18:2n-

6/C18:3n-3 ratio (Fig. 3). HMGCR is a rate-limiting enzyme in cholesterol synthesis 

(GeneCards ID: GC05P075336)36. HMGCR is also related to several biological processes 

including pyruvate dehydrogenase activity, coenzyme metabolic process and signal 

transduction. A previous report in a Duroc population provided evidence of the links between 

the expression of HMGCR gene in muscle with several traits such as carcass lean percentage, 

C18:0 and C18:2n-6 contents, but also showed a positive correlation with cholesterol-related 

traits, intramuscular fat (IMF), and C18:1n-9 and C16:0 FA content44.  
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Our results also reported the association of acyl-CoA synthetase long chain family member 1 

(ACSL1) and glutamate oxaloacetate transaminase 1 (GOT1) genes with C18:2n-6/C18:3n-3 

and ω6/ω3 ratios (Fig. 3). ACSL1 participate in the long-chain fatty acid import and signal 

transduction biological process (Fig. 2). The protein encoded by ACSL1 is an isozyme of the 

long-chain fatty-acid-coenzyme A ligase family (GeneCards ID: GC04M184755)36. ACSL1 is 

involved in the synthesis of long-chain acyl-CoA esters, FA degradation and phospholipid 

remodeling45. Likewise, this gene was found to be associated with lipid metabolism and 

mitochondrial oxidation of FAs in pigs46. In relation to FA degradation, Zhou et al.47, suggested 

that GOT1 was crucial for providing oxaloacetate at low glucose levels, likely to maintain the 

redox homeostasis. In our results, GOT1 was also related to organonitrogen compound 

biosynthetic process and signal transduction GO terms (Fig. 2). 

Genes related to carbohydrate and lipid metabolism. We also identified several genes 

belonging to carbohydrate and lipid metabolism that were associated with various of the 

analyzed traits such as PLIN1, CYCS, SFRP5, LEP and PPP1R1B (Fig. 3). Among the well-

known genes, we observed perilipin 1 (PLIN1) positively correlated to MUFA traits and 

metabolic ratios (MUFA/SFA and MUFA/PUFA), and negatively correlated with C20:2n-6 and 

C18:3n-3 traits (Fig. 3). PLIN1 was also enriched in the PPAR signaling pathway (Fig. 2). 

PLIN1 codifies for a protein belonging to the family of perilipins, which play a role in regulating 

intracellular lipid stor age and mobilization48. Association between the expression of PLIN1 

and porcine IMF deposition and adipocyte differentiation has already been eported49. In 

addition, a lipolytic function of PLIN1 and increased expression in subcutaneous adipose 

biopsies from Iberian pigs fed a carbohydrate-enriched diet have been reported50. In our results, 

the expression of cytochrome c somatic (CYCS) was negatively correlated with MUFA and 

positively with correlated PUFA. CYCS encodes a small heme protein that functions as a central 

component of the electron transport chain in mitochondria (GeneCards ID: GC07M025118)36. 

The expression of leptin (LEP) was significantly correlated with more than one trait (Fig. 3) 

(i.e., positively correlated with MUFA traits, C16:1n-7/C16:0 and C18:1n-9/C18:0 ratios, and 

metabolic ratios as MUFA/SFA and MUFA/PUFA), but it was negatively with C18:1n-

7/C16:1n-7 ratio. LEP encodes a protein that plays a major role in the regulation of energy 

homeostasis (GeneCards ID: GC07P128241)36. In addition, as a pleiotropic adipocytokine it 

can regulate several physiologic functions. LEP constitutes a circulating hormone that 

orchestrates behavioral and metabolic responses to nutrient intake51. Furthermore, LEP 



Paper II 

___________________________________________________________________________ 
 

98 
 

interacts with other hormonal mediators, regulators of energy status and metabolism (e.g., 

insulin or glucagon) to regulate growth and reproduction processes52. Indeed, LEP can regulates 

complex biological effects through its receptors. By using the Iberian pig as translational model 

for studies on metabolic syndrome, type 2 diabetes and nutrition-associated diseases, a 

polymorphism of the leptin receptor (LEPR c.1987C > T) has been informed to increase 

insatiability and obesity (i.e., state that in human medicine is called as leptin resistance)53, and 

as such, the Iberian pigs would be resistant to leptin-induced lipolysis50. However, in our study 

the LEPR gene was not associated with any FA traits. 

In the present work, we observed the transferrin receptor (TFRC) as negatively correlated with 

C18:1n-9 and MUFA traits, but positively correlated with C20:2n-6 and C18:2n-6/C18:3n-3 

ratio (Fig. 3). TFRC (also known as TFR1) encodes a cell surface receptor necessary for cellular 

iron uptake by the process of receptormediated endocytosis (GeneCards ID: GC03M196027)36. 

In mammals, TFR1 imports the transferrin-bound iron from the extracellular environment into 

cells. Interestingly, the intracellular labile free iron is indispensable for lipid peroxidation and 

ferroptosis execution54. On the other hand, protein phosphatase 1 regulatory inhibitor subunit 

1b (PPP1R1B) was positively associated with MUFA traits but negatively correlated with 

PUFA traits (Fig. 3). PPP1R1B (also known as DARPP-32) encode a bifunctional signal 

transduction molecule, while stimulation of dopaminergic and glutamatergic receptors 

regulates its phosphorylation and function (GeneCards ID: GC17P039626)36. This gene is a 

potent inhibitor of protein phosphatase 1 (PPP1, previously known as PP1) when 

phosphorylated at Thr34 by cAMP-dependent protein kinase (PKA)55, and this protein could 

be important in the control of glycogen metabolism and muscle contraction, among other 

activities. Thus, it suggests that phosphorylation sites are implicated in the fine regulation of 

DARPP-32 function and a modulation of the regulation of PPP1 via DARPP-32. In addition, 

PPP1R1B has been reported as differentially abundant in the LD muscle of phenotypically 

extreme pigs13, and positively correlated with the IMF content of LD muscle in Duroc × 

Luchuan pigs56. 

FA and glucose transport genes. Five out of the 57 candidate genes were functional classified 

as FA and glucose transporters. Regarding FA transporters, our results suggested a significant 

association of four members of the solute carrier (SLC) gene superfamily with FA ratios and 

C20:2n-6 (Fig. 3). Members of SLC superfamily encode membrane-bound transporters, which 

play essential roles in transporting a variety of substrates across cellular membranes. These 
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include amino acids, glucose, inorganic cations and anions, FAs and lipids, acetyl coenzyme A, 

and vitamins, among others57. Out of all the SLC members detected, the solute carrier family 

27 member 1 (SLC27A1) has also been reported as a transporter of the predominant substrates 

of long-chain FAs58. Regarding glucose transporter, ENSSSCG00000017801 was identified 

among the novel genes reported in our study, which was significantly associated with MUFA 

and PUFA traits, and metabolic ratios (Fig. 3). However, ENSSSCG00000017801 is a novel 

gene recently annotated in pigs and thus, there is limited information in the literature about its 

functions. Nevertheless, the human orthologous of this novel gene is the trafficking regulator 

of GLUT4 1 (TRARG1), which is predicted to be involved in endosome to plasma membrane 

protein transport and glucose import in response to insulin stimulus (NCBI Gene ID: 

286,753)59. Likewise, TRARG1 is of particular interest as it was previously recognized to be 

located in the glucose transporter type 4 (GLUT4) storage vesicles, and to positively regulate 

GLUT4 trafficking or translocation60. 

Regulators including transcription factor and co-factors. In order to reinforce the biological 

significance of our study, we also focused the discussion on regulators including those TFs and 

co-factors found among the list of candidate genes. Ladybird homeobox 1 (LBX1) was 

positively associated with C18:1n-9 and MUFA (Fig. 3). LBX1 is a member of the ladybird-

like gene family which encodes a homeodomain transcription factor61. LBX1 plays a putative 

regulatory role during the postnatal development of the porcine skeletal muscle in Meishan 

pigs62. In the present study, we also observed association between well-documented co-factors 

of FA metabolism. Two of such genes were the nuclear receptor coactivator 2 (NCOA2) and 

lipin 1 (LPIN1), which were positively associated with ω6/ω3 ratio (Fig. 3). NCOA2 encodes a 

protein that acts as a transcriptional coactivator for nuclear hormone receptors, including 

steroid, thyroid, retinoid, and vitamin D. In fact, a key role of NCOA2 as modulator of the 

intramuscular FA composition in pigs has been reported63. On the other hand, LPIN1 encodes 

a regulatory enzyme that catalyzes the penultimate step in triglyceride synthesis, including the 

dephosphorylation of phosphatidic acid to yield diacylglycerol (GeneCards ID: 

GC02P011677)36. He et al.64 reported a link between a polymorphism located in LPIN1 gene 

with the percentage of leaf fat and IMF in pigs.  

Another interesting co-factor was the galectin-related inhibitor of proliferation (LGALS12). We 

observed pleiotropic associations of LGALS12, which was positively associated with C16:1n-

7, C18:1n-9, MUFA, MUFA/SFA, C16:1n-7/C:16:0 and C18:1n-9/C18:0, but negatively 
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correlated with C20:2n-6 (Fig. 3). This gene participates in signal transduction and regulation 

of cellular process (Fig. 2). LGALS12 was found to perform a critical role in lipid metabolism 

in mice, functioning as an intrinsic negative regulator of lipolysis, regulating lipolytic protein 

kinase A signaling by acting upstream of phosphodiesterase activity to control cAMP levels65. 

Lastly, Wu et al.66 reported that LGALS12 knockdown could inhibit adipogenesis in porcine 

adipocytes by downregulating lipogenic genes and activating the PKA–Erk1/2 signaling 

pathway. 

 

Conclusions 

 

Taken together, our results identify candidate genes linked to intramuscular FA composition in 

muscle, including well-known and novel candidate genes involved in biological processes and 

pathways mainly related to energy, lipid, and carbohydrate metabolism that appear to be 

determinant in the modulation of intramuscular FA profile in pigs. 
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Abstract 

Background 

The intramuscular fat content and its fatty acid (FA) composition are typically controlled by 

the action of several genes, each with small effects. In the current study, we aimed to perform 

a multivariate integrative analysis between intramuscular FA and transcriptome profiles of 

porcine longissimus dorsi (LD) muscle to pinpoint candidate genes and putative regulators 

related to FA composition. We also employed a combination of network, regulatory impact 

factor, and functional analysis to reinforce the biological relevance. 

Results 

For this propose, we used LD RNA-Seq and intramuscular FA composition of 129 Iberian × 

Duroc backcrossed pigs. We identified 378 correlated variables (13 FAs and 365 genes), 

including six FAs (C20:4n-6, C18:2n-6, C20:3n-6, C18:1n-9, C18:0, and C16:1n-7) that were 

among the most interconnected variables in the network. FA-correlated genes were related to 

lipid and/or carbohydrate metabolism (e.g., ADIPOQ, CYCS, CYP4B1, ELOVL6, FBP1, G0S2, 

HMGCR, LEP, LGALS12, LPIN1, PLIN1, PNPLA8, PPP1R1B, SDHD, SDR16C5, SFRP5, 

SOD3, and TFRC), meat quality (GALNT15, GOT1, MDH1, NEU3, and PDHA1), and transport 

(e.g., EXOC7 and SLC44A2). Functional analysis highlighted 55 gene ontology terms over-

represented, including well-known biological processes and pathways regulating lipid and 

carbohydrate metabolism. Regulatory impact factor (RIF) analysis indicated the pivotal role of 

six transcription factors (CARHSP1, LBX1, MAFA, PAX7, SIX5, and TADA2A) as putative 

regulators of gene expression and intramuscular FA composition. Overall, TADA2A and 

CARHSP1 are novel regulators in pigs, which presented extreme RIF scores, but also TADA2A 

expression correlated (either positive or negative direction) with C20:4n-6, C18:2n-6, C20:3n-

6, C18:1n-9, and CARHSP1 expression (positive direction) with the C16:1n-7 lipokine. The in 

silico prediction suggested the change in co-expression correlation for the six regulators and 

their target genes according to differences in the FA profile. For TADA2A and CARHSP1, 

shared target genes potentially involved in lipid metabolism (e.g., GOT1, PLIN1, and TFRC) 

were found. 
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Conclusions 

The current results contribute to elucidating the complex and bipartite relationship between 

intramuscular FA and gene expression profiles in pigs. Together, these findings highlight 

promising candidate genes and putative regulators linked to meat quality, lipid and 

carbohydrate metabolism, which could potentially control gene expression and modulate FA 

composition on pig LD muscle. 

Background 

Fatty acids (FAs) are crucial for living organisms, serving as important energy sources, but also 

playing an important role in human health. Furthermore, FA composition plays a significant 

role in determining meat quality parameters in pigs [1], including technological and sensorial 

quality of meat products [2]. FAs can be classified as saturated (SFA, no double bond is present) 

or unsaturated (with one or more double bonds present), they can also be referred as 

monounsaturated (MUFA) and polyunsaturated (PUFA). 

Fat, liver, and muscle are important tissues for FA metabolism and show different FA 

compositions, which are affected by several factors including genetic, management, 

environmental, and gene expression. Notwithstanding, the relationship between FA 

composition and gene expression is complex and still not fully elucidated. For complex 

phenotypes such as intramuscular fat (IMF, also referred as marbling) content and its FA 

composition in porcine muscle [3], we have previously identified by hierarchical clustering 

analysis that lipogenic-related genes showed positive correlations with MUFA in general, while 

the lipolytic-related genes showed a positive correlation specifically with PUFA. Likewise, by 

conducting RNA sequencing (RNA-Seq) experiments, we also have reported numerous 

candidate genes with differential effect or global changes on intramuscular FA composition 

across several tissues like backfat, liver and muscle [4–7]. 

In the context of systems biology, there are several tools that allow the exploration and 

integration of biological data sets with a focus on variable selection and graphical 

representation. Among them, mixOmics includes a plethora of multivariate methodologies with 

extensive statistical approximations [8]. On the other hand, a better understanding of biological 

mechanisms involved in the determination of complex traits requires integrative approaches via 
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gene networks [9], as well as the identification of the main regulators driving gene-by-gene 

interaction [10]. 

The combination of the above-mentioned approaches provides a representation of the 

connection between data in a natural way, identification of patterns and hidden knowledge, and 

interpretation of the results to formulate biological hypotheses. In the current study, we 

performed a multivariate integrative analysis between intramuscular FA and gene expression 

profiles in pigs. Further, we aimed to identify representative FA phenotypes, regulators, 

candidate genes, and biological processes and metabolic pathways related to the FA 

composition in muscle. 

Methods 

Animals and phenotypic data 

A total of 129 animals from an experimental backcross (25% Iberian and 75% Duroc, BC1_DU) 

were employed. All animals were maintained under the same intensive conditions and fed ad 

libitum with a cereal-based commercial diet and free access to water. The experimental 

BC1_DU generation, animal raising, and feeding was described in a previous paper [11]. 

Animal procedures were carried out according to the Spanish Policy for Animal Protection 

RD1201/05, which meets the European Union Directive 86/609 about the protection of animals 

used in experimentation. This study was conducted in accordance with relevant guidelines and 

regulations of the animal care and use committee of the Institut de Recerca i Tecnologia 

Agroalimentàries (IRTA), which adopts “The European Code of Conduct for Research 

Integrity”. The experimental protocol was approved by the Ethical Committee of the IRTA. 

Our study is also reported in full compliance with ARRIVE guidelines 

(https://arriveguidelines.org/). 

Animals were slaughtered in the same commercial abattoir of Mollerussa (Spain). Samples of 

the longissimus dorsi (LD) skeletal muscle (59 females and 70 non-castrated males) distributed 

in five slaughterhouse batches were collected, immediately snap frozen in liquid nitrogen and 

stored at -80 °C until analysis. At slaughter, the average age of pigs was 190 days (range 174 

to 205 days), with an average carcass weight (CW) of 73.70 kg (range 46.10 to 109.20 kg). 

https://arriveguidelines.org/
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FA composition with C14-C20 range in LD muscle (n = 129) was determined using a gas 

chromatography of methyl esters protocol [12]. Briefly, 200 g of muscle samples from each 

BC1_DU pig were homogenized and used to measure the FA profile per duplicate. Crespo-

Piazuelo et al. [13] paper provides additional information on the muscle FA composition in the 

BC1_DU population. Then, the quantification of each individual FA methyl ester (n = 15 

phenotypes of FAs) was calculated and expressed as a relative percentage of the total amount 

of FAs (Table 1). 

Table 1 Summary of descriptive statistics on the FA composition phenotypes measured in 

relative values in the longissimus dorsi muscle from BC1_DU pigs.  

 

Trait Name Mean SD Min Max SE CV* 

C14:0 Myristic acid 1.27 0.23 0.73 1.78 0.02 17.95 

C16:0 Palmitic acid 23.91 1.65 18.69 27.59 0.15 6.90 

C18:0 Stearic acid 14.38 1.69 8.81 19.90 0.15 11.78 

C20:0 Arachidic acid 0.23 0.08 0.08 0.71 0.01 33.94 

C16:1n-7 Palmitoleic acid 2.79 0.53 1.24 4.08 0.05 18.83 

C16:1n-10 Sapienic acid 0.30 0.12 0.16 0.92 0.01 38.62 

C18:1n-9 Oleic acid 35.93 5.71 19.99 44.15 0.50 15.88 

C18:1n-7 Vaccenic acid 3.82 0.30 3.02 4.83 0.03 7.97 

C20:1n-9 Gondoic acid 0.73 0.16 0.35 1.48 0.01 22.38 

C18:2n-6 Linoleic acid 12.13 5.82 4.81 29.34 0.51 48.01 

C18:3n-3 α-Linolenic acid 0.40 0.13 0.15 0.89 0.01 32.77 

C20:2n-6 Eicosadienoic 

acid 

0.43 0.12 0.14 0.91 0.01 28.61 

C20:3n-3 Eicosatrienoic 

acid 

0.18 0.10 0.02 0.65 0.01 54.98 

C20:3n-6 Dihomo-

gamma-

linolenic acid 

0.45 0.29 0.09 1.49 0.03 63.29 

C20:4n-6 Arachidonic 

acid 

2.58 1.94 0.47 10.51 0.17 75.01 

*Coefficient of variation (CV) expressed in percentage. 

 

Gene expression data 

 

Total RNA was isolated from the muscle (100 mg) of 129 animals using the RiboPure™ 

Isolation kit for High-Quality Total RNA (Ambion®; Austin, TX) following the manufacturer’s 

recommendations. RNA quantification and purity was done with a NanoDrop ND-1000 

spectrophotometer (NanoDrop products, Wilmington, DE, USA). While RNA integrity was 



Paper III 

___________________________________________________________________________ 
 

113 
 

checked by Agilent Bioanalyzer-2100 equipment (Agilent Technologies, Inc., Santa Clara, CA, 

USA), and samples with an RNA integrity number (RIN) greater than 7 were used for the RNA-

Seq experiment. 

Library preparation and sequencing was performed at CNAG institute (Centro Nacional de 

Análisis Genómico, Barcelona, Spain). For each sample, one paired-end library with an 

approximately 300-bp insert size was prepared using TruSeq Stranded mRNA kit (Illumina, 

Inc.; San Diego CA, USA). To discriminate among samples, libraries were labeled by barcoding 

and pooled to be run in Illumina HiSeq 3000/4000 instruments (Illumina, Inc.; San Diego CA, 

USA).  In brief, this study yielded a mean of 45.09 million of 2 × 75 bp paired-end reads per 

sample, resulting on an average of 90.06% (ranging from 80.51% to 96.09%) of uniquely 

mapped reads. 

Bioinformatic and statistical analyses 

Quality control and basic statistics of sequence data were performed using FastQC (v0.11.9) 

[14] and MultiQC v0.7 [15] programs. Sequencing reads were mapped employing the STAR 

software (v2.7.9a) with default parameters [16], and using the Sscrofa11.1 pig genome 

assembly as reference. Then, gene expression was quantified by RSEM (v1.2.28) software [17] 

with default parameters and annotation from Ensembl Pig Genes 97. 

Pre-processing of the raw count matrix was performed by filtering based on a minimum of 129 

reads in total per row and 15,091 genes were retained for further analyses. We transformed this 

matrix data into counts per million (CPM) to normalize the values (i.e., with log = TRUE and 

prior.count = 1 arguments) using edgeR v3.38.1 package [18]. Later, the 15,091 genes retained 

were matched against the newer annotation from Ensembl Pig Genes 104 (Sscrofa11.1) using 

the biomaRt package [19] v2.52.0, remaining a total of 12,381 genes with a gene name or 

symbol. 

Afterwards, a regularized canonical correlation analysis (rCCA) was performed using the 

expression dataset of the 12,381 genes and the 15 FA traits measured in the 129 individuals. 

The rCCA is a multivariate approach, implemented in mixOmics v6.14.1 package [8], that 

allows the identification of subsets of canonical variables that maximize the correlation between 

two datasets “X and Y” (respectively of sizes n × p and n × q) [20]. In our case, X was the matrix 

of 15 FA traits and Y was a matrix with the 12,381 genes expression values. The shrinkage 
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method was used to tune out the regularization parameters (λ1 and λ2) with values of λ1 = 0.05 

and λ2 = 0.15, and ncomp = 3. Rather than considering all genes that were included in the first 

canonical component (CC1) and according to the previous estimate by Ramayo-Caldas et al. 

[21], we applied a conservative approach and only kept the genes for which the correlation 

between gene expression and FA traits was equal or higher than 0.29. 

To display the rCCA results and improve its interpretation, three graphical outputs (circle plot, 

network, and Clustered Image Maps) were applied.  All of them implemented in mixOmics [8]. 

First, a circle plot with subsequent dimensions via plotVar function was used in order to 

represent the nature or structure of the correlation between variables of interest. Secondly, a 

network plot was conducted as a robust way to evaluate the correlation structure by using the 

network function. Here, the generated output was exported to Cytoscape file format using 

igraph v1.3.2 package [22]. In the network [23] FAs were filled with colors to facilitate the 

identification of the group (i.e., SFA, MUFA and PUFA) and the connected genes. Likewise, 

the genes were filled with different colors according to the functional group or gene family 

using a pre-built list accordingly to their functions (see gene functional classification section). 

In addition, a complementary heatmap via ComplexHeatmap v2.14.0 package [24] to illustrate 

the different clusters of variables and the degree of correlation between them. 

Regarding the functional analysis, genes included in the CC1 (cutoff of r ± |0.29|) were 

submitted to the ClueGo v2.5.4 plugin [25] in Cytoscape v3.7.1 software [23] with default 

parameters. Gene ontology (GO) significance was assessed with a hypergeometric test keeping 

only those GO terms (biological processes, molecular function, and pathways) with a 

Benjamini-Hochberg (BH) corrected P-value < 0.05 [26]. All genes expressed in muscle 

(12,381) were employed as background in this step. Furthermore, GO tree interval levels were 

set from three to eight and a minimum k-score of 0.44 and a minimum of three genes per cluster 

with at least 4% in selected genes were used. Results with and without the fusion feature “GO 

Term Fusion” were generated to evaluate the redundant parent-child terms. Additionally, we 

visualized the ClueGO output using an R script via ggplot2 v3.3.5 package [27], which allowed 

us to identify the intersection of significantly associated genes according to over-represented 

GO terms. 

 

 



Paper III 

___________________________________________________________________________ 
 

115 
 

Regulatory impact factors (RIF) analysis 

The RIF analysis was conducted using the runAnalysis function of the CeTF v1.8.0 package 

[28]. The RIF algorithm is well described in the original paper by Reverter et al. [10]. Briefly, 

the RIF metric (RIF1 and RIF2) aims to identify relevant regulators (i.e., transcription factors, 

TFs) from gene expression data. This step calculates, for each condition, the co-expression 

correlation between the TFs and the differentially expressed (DE) genes. For the differential 

analysis, we created two conditions by classifying samples according to their FA profile through 

a principal component analysis (PCA). In the PCA, the prcomp function with scale = TRUE 

was used considering as input the composition data of the pre-selected FAs from the rCCA. In 

fact, we chose the extreme values from PC1 (condition 1 and condition 2 with n = 60, i.e., 30 

samples per condition). Here, animals in condition 1 consisted of a profile of less SFA and 

MUFA, and more PUFA, while those in condition 2 were vice versa (more SFA and MUFA, 

and less PUFA). In addition, the fviz_pca function of the factoextra v1.0.7 package was used to 

extract and visualize the PCA results [29]. Significant differences (corrected P-value < 0.05) 

between the mean of FA conditions and by phenotypes selected in the rCCA were determined 

using a t-test approach, and the SEM (standard error of the mean) was calculated. In addition, 

transcription factors (TFs) present in the expression data were identified using the list of pig 

TFs available in the AnimalTFDB v3.0 database (http://bioinfo.life.hust.edu.cn/Animal 

TFDB/#!/). 

Transcription factors target gene analysis 

The list of TFs used in the RIF step was also examined to identify in silico putative target DE 

genes between the two conditions (n = 60 samples). This complementary analysis was 

conducted using the SmearPlot function [28]. Predicted target genes were extracted as 

identified by this approach. In addition, the generation of these calculations for DE genes and 

TFs included default parameters (lfc = 1.5 and padj. = 0.05). 

Functional classification of FA-interconnected genes in the network 

To facilitate the functional gene discovery, we classified the global list of rCCA-derived genes 

with a view to enhance biological interpretation. First, we used the information from ClueGO 

analysis that divided the genes into different functional groups, which contained the biological 

processes and pathways clustered together according to GO term similarities. Then, a manual 

http://bioinfo.life.hust.edu.cn/Animal%20TFDB/#!/
http://bioinfo.life.hust.edu.cn/Animal%20TFDB/#!/
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list (list 1, see Additional file 1: Table S1) of genes with functional annotation and plausible 

function in different aspects of FA, lipid and carbohydrate metabolism was compiled. Second, 

we created a trained list (list 2, see Additional file 2: Table S2) using GUILDify v2.0 tool [30]. 

This list included genes associated with predefined keywords such as: “adipokine”, "amino acid 

metabolism”, “electron transport chain”, “enzyme”, “fatty acid beta-oxidation”, “fatty acid 

metabolism”, “fatty acid synthesis”, “gluconeogenesis”, “glucose metabolism”, “glycolysis”, 

“tricarboxylic acid cycle”, “lipid metabolism”, “carbohydrate metabolism”, “lipid 

degradation”, “lipid synthesis”, “nucleic acid”, “nucleotide metabolism”, “nutrient”, 

“receptor”, and “transporter”; as well as homo sapiens species and lipogenic tissues (adipose, 

liver and muscle-skeletal) options. Briefly, GUILDify uses BIANA knowledge base to create a 

species-specific interaction network for each gene detected. In the current study, the netcombo 

prioritization algorithm based on network topology, and the highest guild score for the top 100 

gene products (with only seed) were considered to compose the trained list. Another list of TFs 

and cofactors in pigs (list 3, see Additional file 3: Table S3) was created according to the 

annotation of the aforementioned AnimalTFDB v3.0 database. Altogether, a match among gene 

lists (list 1 vs. list 2 and list 1 vs. list 3) was tested. Finally, the gene functional classification 

was based on the potential biological function compiled from the overlap between gene lists.  

Results 

Regularized canonical correlation analysis (rCCA) 

Here, we explored the relationship between the muscle transcriptome (n = 12,381 genes) and 

the intramuscular FA composition (n = 15 FAs) of 129 BC1_DU pigs. The correlation structure 

between data sets of interest is shown in Fig. 1. In the correlation circle plot, the two circles (of 

radii 0.29 and 1) delimit the subsets of variables that define each component in the plot. After 

gene selection, the rCCA yielded 365 genes and 15 FAs (see Additional file 4: Table S4) that 

were included in the first canonical component (CC1). As expected, our results (Fig. 1) revealed 

that CC1 separated both SFA (C16:0) and MUFA (C18:1n-9) from PUFA (C18:3n-3, C18:2n-

6, C20:2n-6, C20:3n-3, C20:3n-6 and C20:4n-6), while the second canonical component (CC2) 

differentiated C16:1n-7 MUFA from C18:0 SFA. Additional correlation circle plot from the 

PCA with contribution variables according to CC1 versus third canonical component (CC3) is 

presented in Additional file 5: Figure S1. 
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The most relevant variables participating in the definition of each component were C16:1n-7, 

C18:1n-9 and C18:0, as well as C18:2n-6, C20:3n-6, C20:4n-6, C20:3n-3 and C20:2n-6 (Fig. 

1). Notably, the 365 genes were clustered in 4 groups at radii ~0.29 (with prioritized variables 

of gene expression) (Fig. 1). However, visual inspection of Fig. 1 is not intuitive for the 

identification of candidate genes present in each of the 4 clusters. Instead, details on the genes 

correlated with each FA (with and without cutoff) can be found in Additional file 4: Table S4. 

 

Figure 1 Correlation circle plot from the PCA applied to of the FA phenotypes and gene 

expression in muscle of BC1_DU pigs displayed from the first two rCCA dimensions (15 FAs 

and 365 genes selected in total). 

A network approach was used to evaluate the structure of associations between variables (Fig. 

2). As shown in Fig. 2, variables (FAs and genes) were drawn as the nodes (rectangles and 

circles, respectively), and the bipartite relationship between them were represented by the 

colored edges (i.e., lines in green and in red indicated positive and negative correlations, 
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respectively). Overall, we detected a complex correlation structure between the FA profile and 

gene expression data. Simultaneously, the representation of correlations suggested that positive 

relationships were more common than negative ones (Fig. 2). On the other hand, the network 

adds another layer of information allowing the visualization of groups of variables (Fig. 2). Our 

results showed that 13 FAs and 365 genes (378 variables in total) were selected on the first 

three rCCA dimensions. Among the 13 FAs, five (C16:1n-7, C20:1n-9, C18:0, C18:2n-6, and 

C20:4n-6) were correlated with a list of specific genes for each of them (see Additional file 4: 

Table S4). The fourth most interconnected FAs with multiple correlated genes (see Additional 

file 4: Table S4) were C20:4n-6, C18:2n-6, C20:3n-6 and C18.1n-9 (Fig. 2). Remarkably, both 

C20:4n-6 and C18:2n-6 showed the highest number of correlated genes, having 87% of shared 

genes between them. Likewise, these two FAs contain information of several connected genes 

with FAs from the periphery and the center of the network (Fig. 2). 

At the bottom right, in particular, C18:1n-9 was grouped very close to seven other FAs (C14:0, 

C20:3n-3, C20:2n-6, C20:3n-6, C16:1n-10, C18:3n-3 and C16:0) (Fig. 2). In fact, C20:3n-6 

and C18:1n-9 were the second pair of FAs that exhibited the highest number of correlated genes, 

having 80.54% of genes in common. To be noted, the subsets of connected genes suggested 

more complex relationships with the presence of shared or specific genes for FAs (Fig. 2). 

It is worth mentioning that we observed a set of 10 rCCA-genes (PLIN1, UNC93A, SFRP5, 

PPP1R1B, LEP, OPRL1, PTPRU, NUDT14, TFRC and CYP4B1) that showed the highest 

number of connections with FAs (i.e., 7 to 10 connections out of 13 FAs). However, we also 

detected 107 genes uniquely correlated with a specific FA (Fig. 2, and see Additional file 4: 

Table S4). For instance, CEBPG and GCLC were negatively correlated with C18.0 while 

EXOC7 was positively correlated. Genes such as ADIPOQ, LGALS12, PAX7, CARHSP1 and 

YBX2 were positively correlated with C16:1n-7. As other examples, CEBPA, ELOVL6, and 

MCTP2 correlated negatively with C18:2n-6 and C18:3n-3, respectively; while SDHD and 

LPIN1 correlated positively with C20:4n-6, and also LEPROTL1 was positively correlated with 

C18:2n-6 and C20:4n-6. Meanwhile, the PNPLA8 gene was negatively correlated with C18:1n-

9, but it also correlated positively with C18:2n-6 and C20:4n-6 (Fig. 2). 
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Figure 2 Network plot for the longissimus dorsi muscle study in BC1_DU pigs. Green and red 

edges indicate positive and negative correlation. Legend: Output obtained for the first three 

rCCA dimensions (13 FAs and 365 genes were selected), showing the correlation structure for 

all bipartite relationships with a correlation cutoff of 0.29. Color legend: FAs: magenta = SFA 

members; royal blue = MUFA members; orange red = PUFA members; and genes: darkorange 

= enzyme; aquamarine = adipokine; chartreuse = TF; turquoise = TF cofactors; yellow = lipid 

metabolism‐related genes; navajowhite = carbohydrate metabolism; crimson = glycolysis; gold 

= transporter; lightpink = fatty acid beta-oxidation; coral = amino acid metabolism; cornsilk = 

receptor family; deepskyblue = nucleic acid metabolism. Out of a total of 365 genes, the 176 



Paper III 

___________________________________________________________________________ 
 

120 
 

colored genes were referring to a functional or gene family classification (while 189 genes were 

unclassified). 

A complementary heatmap illustrated the different clusters of variables, and the degree of 

correlation between them (see Additional file 6: Figure S2). Meanwhile, details on correlation 

distribution of FAs with gene expression via density heatmap (with quantiles and mean values) 

are presented in Additional file 7: Figure S3. The heatmap and hierarchical clustering displayed 

the aforementioned 13 FAs and 365 genes, in which FA traits that are mainly correlated with 

the gene expression value, cluster together. In general, as shown in Additional file 6: Figure S2, 

two large clusters of FAs and four clusters of genes were observed. Cluster 1 was composed of 

six (C16:1n-7, C18:0, C20:1n-9, C18:1n-9, C16:0 and C14:0) FAs, while cluster 2 grouped the 

other seven (C20:2n-6, C16:1n-10, C18:3n-3, C20:3n-3, C20:3n-6, C20:4n-6, and C18:2n-6) 

FAs. Details on the grouping of genes contained in each cluster and its respective correlation 

with FAs can be accessed on Additional file 6: Figure S2 and Additional file 4: Table S4, 

respectively. 

Functional analysis of genes correlated with FAs 

After rCCA, the gene list (n = 365) was submitted to a GO analysis. A total of 55 GO terms (8 

molecular functions, 9 pathways and 38 biological processes) (Fig. 3, and see Additional file 

8: Figure S4 with “GO Term Fusion”, respectively) were significantly over-represented (BH 

corrected P-value < 0.05). In total, 125 genes were annotated into different functional groups, 

including an enrichment in GO terms of lipid and carbohydrate metabolism. Notably, some of 

the closely associated KEGG pathways were “regulation of lipolysis in adipocytes”, “citrate 

cycle (TCA cycle)”, “non-alcoholic fatty liver disease (NAFLD)”, “oxidative phosphorylation” 

and “Insulin signaling pathway”. Likewise, GO analysis suggested that these genes were 

significantly enriched in well-known biological processes, for example, “mitochondrial gene 

expression”, “tricarboxylic acid cycle”, “electron transport chain”, “ATP hydrolysis coupled 

cation transmembrane transport”, “regulation of response to nutrient levels”, “magnesium ion 

transmembrane transport”, and “respiratory electron transport chain” (see Additional file 8: 

Figure S4). The complete results of GO terms with and without “GO Term Fusion” are listed 

in Additional file 9: Table S5. 
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Figure 3 Functional analysis with the correlated genes from the rCCA approach that were 

significantly enriched in GO terms according to metabolic pathway delimitation. Legend: This 

output is a representation of the original results table generated with the ClueGO plugin in 

Cytoscape software. 

Regulatory impact factors (RIF) analysis 

Based on the output of the rCCA, relevant putative regulators (i.e., TFs) were identified from 

gene expression data (n = 365 genes including 22 TFs). For this purpose, the classification of 

animals into two conditions (30 individuals each) was determined based on a PCA considering 

the FA composition data (n = 13 FA, Fig. 4). Condition 1 consisted of a FA profile with less 

SFA and MUFA and more PUFA, while condition 2 considered the opposite (more SFA and 
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MUFA and less PUFA), with the exception of C16:1n-10, having a similar pattern to that of 

PUFA (see Additional file 10: Table S6). In addition, the PCA extracted two factors (with 

variables projected onto PC1 and PC2), that explained 77.40% of the total data variation (Fig. 

4). 

 

Figure 4 Principal component analysis (PCA) summarizing the separation and similarities 

among FA conditions with the extreme values. Legend: PC1 and PC2 explained 77.40% of the 

total variance. The visualization of the eigenvectors was implemented to delimit the FAs 

belonging to their respective group (SFA, MUFA, PUFA). 

Through RIF, we identified 19 significant (lfc = 1.5 and padj = 0.05) and 3 non-significant 

(CEBPA, DBX1, and HOXB6) regulators out of the 22 TFs identified on the rCCA analysis, 
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whose RIF parameters are summarized in Table 2. For interpretability, it is important to note 

that information from RIF1 and RIF2 is complementary. RIF1 score classified the TFs most 

differentially co-expressed with the highly abundant and highly DE genes, whereas RIF2 score 

classified the TF with the most altered ability to act as predictors of the abundance of DE genes. 

Among them, here we described the top five TF with extreme values for RIF metrics (Table 

2). RIF1 (positive score: CARHSP1, TERF1, CEBPG, TFAM, MAF, and negative score: 

TADA2A, MBD2, HBP1, SIX5, FOXJ3); and RIF2 (positive score: KLF10, TADA2A, HBP1, 

FOXJ3, ZNF407, and negative score: MBD2, SIX5, TERF1, CEBPG, MAF). On absolute values 

of RIF, we found the first and second more relevant regulators according to RIF1 (TADA2A and 

CARHSP1) and RIF2 (KLF10 and TADA2A), respectively (Table 2). Likewise, Table 2 

illustrates that TFs were classified into ten different families (i.e., based on AnimalTFDB3.0 

database). In addition, the results of the co-expression analysis between the TF and rCCA-

derived genes (n = 343) in each experimental condition were presented in Additional file 11: 

Table S7. While we also computed the correlation differential (alias DW) written as the 

correlation of the TF with all possible target genes in conditions 1 and 2, respectively (see 

Additional file 12: Table S8). 

Table 2 RIF analysis with 19 significant TFs identified by either RIF1 or RIF2 metrics 

according to FA conditions and gene expression under study in BC1_DU pigs.  

 

TF Gene description Family avgexpr RIF1 RIF2 

TADA2A Transcriptional adaptor 2A MYB 4.11 -2.09 1.44 

MBD2 Methyl-CpG binding domain 

protein 2 

MBD 4.90 -1.43 -1.44 

SIX5 SIX homeobox 5 Homeobox 2.38 -0.83 -1.30 

TERF1 Telomeric repeat binding factor 1 MYB 3.21 1.63 -1.28 

CEBPG CCAAT enhancer binding protein 

gamma 

TF_bZIP 4.96 1.49 -1.15 

HBP1 HMG-box transcription factor 1 HMG 6.12 -0.89 1.12 

FOXJ3 Forkhead box J3 Fork_head 6.36 -0.54 1.09 

CARHSP1 Calcium regulated heat stable 

protein 1 

CSD 3.37 1.86 0.82 

MAF MAF bZIP transcription factor TF_bZIP 7.19 0.39 -0.68 

TFAM Transcription factor A, 

mitochondrial 

HMG 4.79 0.82 -0.52 

KLF10 Kruppel like factor 10 zf-C2H2 6.24 -0.32 1.53 

YBX2 Y-box binding protein 2 CSD 4.22 -0.38 -1.06 
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Table 2 RIF analysis with 19 significant TFs identified by either RIF1 or RIF2 metrics 

according to FA conditions and gene expression under study in BC1_DU pigs (Continued).  

TF Gene description Family avgexpr RIF1 RIF2 

ZNF407 Zinc finger protein 407 zf-C2H2 3.74 0.10 0.95 

ZNF524 Zinc finger protein 524 zf-C2H2 4.84 0.13 0.73 

PAX7 Paired box 7 PAX 2.72 -0.28 0.46 

ZNF326 Zinc finger protein 326 Others 5.56 0.35 -0.45 

LBX1 Ladybird homeobox 1 Homeobox 3.53 0.38 -0.21 

MAFA MAF bZIP transcription factor A TF_bZIP 3.23 -0.19 -0.09 

ZNF146 Zinc finger protein 146 zf-C2H2 3.46 -0.20 0.03 

Footnotes: The 19 TFs belong to 10 different families. The expression average (in log2 CPM) 

for each TF is indicated by avgexpr variable. 

In silico prediction of transcription factor target genes in the post-RIF stage 

After the RIF analysis, an in silico prediction was carried out based on the change in co-

expression between each differentially expressed (DE) TF and its target genes for both FA 

conditions. Consistently, target genes whose expression was DE between conditions were 

identified. The in silico identification of target genes for each TF was observed in only 6 (lfc = 

1.5 and padj = 0.05) out of the 19 significant TFs (CARHSP1, LBX1, MAFA, PAX7, SIX5, and 

TADA2A), which belonged to five (MYB, CSD, Homeobox, PAX and TF_bZIP) of the ten 

families identified (Table 3). Additional information on the distribution of DE genes and 

specific TF in both conditions, as well as the relationship between log(baseMean) and 

expression difference, is presented in see Additional file 13: Table S9. 

Overall, based on functional information, several of the candidate targets (listed in Table 3) 

were involved in lipid metabolism (ADIPOQ, DHRS3, FGFR4, NEU3, PLIN1, TFRC, and 

WNT5B); carbohydrate metabolism (ADIPOQ, FBXO6, GALNT15, GOT1, NEU3, NUDT14, 

and PPP1R3D); glucose metabolism (MAFA); and ion binding (ADIPOQ, FGFR4, GOT1, 

NUDT14, SOD3, and TADA2A); among other categories. 

Altogether, this novel approach has allowed us to discover promising targets of newly identified 

TF genes in pig muscle associated with FA metabolism, such as TADA2A and CARHSP1. As 

shown in Table 3, both genes were targets for each other, but also they shared targets FA-

related genes (e.g., GOT1, PLIN1, and TFRC). 
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Table 3 Distribution of differentially expressed genes and transcription factors in both 

conditions, including potential target genes by FA condition in BC1_DU pigs.  

 

Regulatory 

genes 

No. of 

potential 

targets 

Differentially co-expressed target genes 

Condition 1 (less 

SFA and MUFA, and 

more PUFA) 

Condition 2 (more 

SFA and MUFA, 

and less PUFA) 

TADA2A 15 TBC1D16, TBKBP1, 

WNT5B, DHRS3,  

GADD45G, KCNT1,   

MAMSTR, PLPP7, 

SIX5 

TFRC, APCDD1,  

CARHSP1, GOT1,    

PLIN1, SOD3 

CARHSP1 8 DNAJB9, GOT1, 

MAFA, PLIN1, TFRC, 

ADIPOQ 

FBXO6, TADA2A 

SIX5 5 TADA2A, FBXO6, 

GADD45G 

FGFR4, GALNT15 

PAX7 9 PLPP7, TENT5C, 

GALNT15, GOT1, 

MAFA 

WNT5B, ADIPOQ, 

FBXO6, NEU3 

MAFA 8 PAX7, TFRC, 

CARHSP1, DHRS3, 

FBXO6, FGFR4, 

GADD45G 

PLIN1 

LBX1 3 FBXO6, GALNT15 TBKBP1 

 

Discussion 

 

Identification of subsets of canonical variables that maximize the correlation between 

gene expression and FA profiles 

 

Our study conducted with the rCCA multivariate approach [20] revealed a subset of 378 

correlated variables, 13 FAs and 365 genes. By using correlation circle plot, the first component 

(CC1) clearly separated FAs with relevant contribution, C18:2n-6, C20:3n-6, C20:4n-6 

(positive) and C18:1n-9, C16:0 (negative), while C16:1n-7 (positive) and C18:0 (negative) 

were the main contributors to the second component (CC2). Hence, CC1 differentiated the 

essential FAs taken from the diet of other FAs that can be de novo synthesized in the pig. 

Conversely, CC2 separated the MUFA derived from FA biosynthesis like C16:1n-7 or C18:1n-

7 from the C18:0 SFA. 
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The exploration of the interaction network [23] revealed the five most interconnected FAs 

(C20:4n-6, C18:2n-6, C20:3n-6, C18.1n-9, and C18.0), which showed the highest number of 

associated genes. Among them, we found that n-6 FAs exhibited more than 51% of shared 

genes between them. Remarkably, we also found 100% and 80.54% overlap when comparing 

the C18.1n-9 versus C20:4n-6 and C18:2n-6, and against C20:3n-6 lists, respectively. It turns 

out that some of the genes correlated with C18.1n-9 also exhibited other associations including 

those with minority FAs. This means that C18.1n-9 is a key FA in muscle, capturing complex 

associations with the presence of shared or specific genes linked to FA metabolim. 

Consequently, five FAs (C14:0, C16:0, C18:3n-3, C20:2n-6, and C20:3n-3) were connected 

with 28 genes in total, indicating their lesser participation in the differences in FA composition 

observed in our population. Of particular note, for example, C20:2n-6 and C20:3n-3 only 

exhibited negative correlations with a list of specific genes. Furthermore, five out (C16:1n-7, 

C20:1n-9, C18:0, C18:2n-6, and C20:4n-6) of the 13 analyzed FAs were correlated with a list 

of specific genes for each of them. 

Interestingly, the FAs were grouped into two large groups via the heatmap [24]. Essential FAs 

and their derivatives molecules (e.g., C18:2n-6, C18:3n-3, C20:2n-6, C20:3n-3, C20:3n-6, and 

C20:4n-6) were clustered apart from those that can be derived from biosynthesis (e.g., C14:0, 

C16:0, C18:0, C18:1n-9, and C20:1n-9). Multiple lines of evidence suggest that essential FAs 

of the omega-6 series, like arachidonic (C20:4n-6) and its dietary precursor linoleic (C18:2n-

6), and the omega-3 series, like the α-linolenic (C18:3n-3) PUFA have important physiological 

functions [31]. Arachidonic FA is an important constituent of membrane phospholipids and it 

is involved in signal transduction [32]. In addition, essential PUFA are precursors for the 

synthesis of collectively known as eicosanoids (prostaglandins, thromboxanes, and 

leukotrienes) [33], and lipoxins. Meanwhile, omega-6 and omega-3 PUFA have antagonistic 

inflammatory functions, being arachidonic a pro-inflammatory and immunoactive FA [34]. Of 

the MUFA, palmitoleic (C16:1n-7) and oleic (C18:1n-9) are the most predominant in 

triacylglycerols, cholesteryl esters, wax esters and membrane phospholipids [35]. It has been 

informed that C18:1n-9 may improve meat organoleptic properties and overall acceptability 

parameters of meat [36], as well as linked to consumer acceptability of high-quality cured 

products [37]. Furthermore, emerging evidence in mice suggest that C16:1n-7 is an adipose 

tissue-derived lipid hormone that strongly stimulates muscle insulin action [38]. 
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Candidate genes that correlate with FA composition traits are mainly involved in lipid 

and/or carbohydrate metabolism and meat quality 

Within the 365 FA-correlated genes we observed well-documented candidate genes for lipid 

and FA metabolism. The gene with the highest number of connections was PLIN1 (perilipin 1), 

which was associated with 10 out of the 13 FAs. In addition, PLIN1 was positively correlated 

with SFA and MUFA, but negatively correlated with PUFA. As a perilipin member, PLIN1 

plays a role in the regulation of intracellular lipid storage and mobilization [39]. Besides, PLIN1 

was already proposed as a candidate gene in another study carried out by our group, which 

analyzed the muscle transcriptome of Landrace backcrossed (25% Iberian and 75% Landrace, 

BC1_LD) pigs with divergent FA composition [6]. 

With the exception of C18:3n-3, other four genes (LEP, PPP1R1B, SFRP5, and UNC93A) were 

connected with the same 9 FAs as PLIN1, presenting a similar pattern of positive correlations 

with SFA and MUFA, and negative correlations with PUFA. The LEP gene encodes the protein 

leptin, an adipokine that acts as a major regulator for food intake and energy homeostasis [40], 

being also involved in the regulation of the neuroendocrine axis [41]. In muscle, LEP activates 

AMP-activated kinase (AMPK), thereby increasing the oxidation of FAs and the uptake of 

glucose [42]. In fact, significant associations of the LEP and leptin receptor (LEPR) 

polymorphisms with FA composition have been reported in subcutaneous fat in Iberian × 

Landrace pigs [43]. Furthermore, LEP, together with SFRP5 (secreted frizzled related protein 

5), were identified as IMF-correlated genes in the muscle of Duroc × Luchuan pigs [44]. In 

addition, SFRP5 was also identified as a DE gene in the skeletal muscle of Duroc pigs with 

extreme lipid profiles [45]. In mice, a long non-coding RNA of the protein phosphatase 1 

regulatory inhibitor subunit 1B (PPP1R1B) gene is involved in skeletal muscle development 

[46]; such data argue for an important role of PPP1R1B-lncRNA in promoting myogenic 

differentiation through competing for polycomb repressive complex 2 (PRC2) binding with 

chromatin of myogenic master regulators. While the relationship between UNC93A (unc-93 

homolog A) and the lipid metabolism in muscle has yet to be explored, a study in mice 

determined that the expression of this putative solute carrier responded to nutrient availability 

[47]. In addition, UNC93A was also mentioned as a candidate gene in a QTL study for meat 

quality and disease resistance in the Chinese Jiangquhai pig breed [48]. 
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Apart from the five genes mentioned earlier, there are other relevant genes involved in lipid 

metabolism that are worth mentioning, such as ADIPOQ, ELOVL6, FBP1, LPIN1, G0S2, 

PNPLA8, and SOD3. As another adipokine and candidate for meat quality, adiponectin 

(ADIPOQ) was positively correlated with C16:1n-7. The protein encoded by ADIPOQ 

enhances FA oxidation both in skeletal muscle and liver. In addition, ADIPOQ stimulates 

muscle glucose uptake and inhibits glucose production by the liver, thus, decreasing blood 

glucose levels [49]. 

On the regulation of lipogenesis, the ELOVL fatty acid elongase 6 (ELOVL6) gene is of 

particular interest, as it is directly involved in the elongation of FAs in mammals [50]. In our 

group, Corominas et al. [51] already reported a plausible effect of the expression levels of 

ELOVL6 on of the abundance of C16:0 and C16:1n-7 FAs in backfat and muscle of Landrace 

backcrossed pigs. However, in our study, the BC1_DU pigs showed only a negative correlation 

with the essential FA C18:2n-6. As ELOVL6 does not elongate C18:2n-6, this negative 

correlation may be due to the increase on the relative abundance of other SFA and MUFA 

caused by ELOVL6. 

Our data indicated that lipin 1 (LPIN1) gene was positively correlated with the abundance of 

C20:4n-6. This gene participates in the metabolism of the arachidonic acid in Caenorhabditis 

elegans organism [52]. Likewise, this gene was also explored as a potential candidate gene on 

a previous study conducted by our group on the intramuscular FA composition of the Landrace 

backcrossed population [3]. Apart from PLIN1, other genes involved in lipolysis and 

adipogenesis were FBP1, G0S2 and SOD3, which were positively correlated with C18:1n-9 and 

negatively correlated with C18:2n-6, C20:3n-6, and C20:4n-6. Fructose-bisphosphatase 1 

(FBP1) is a gluconeogenesis regulatory enzyme whose loss induces glycolysis and results in 

increased glucose uptake, among other cytosolic catalytic activities [53]. The porcine G0/G1 

switch 2 (G0S2) expression level increased significantly during adipogenesis (both in vitro and 

in vivo studies) [54]. In the same study, G0S2 was suggested to be a negative regulator of 

adipose triglyceride lipase (ATGL)-mediated lipolysis and cell proliferation in adipose tissue, 

as well as being closely related to lipid accumulation [54]. As an antioxidant enzyme, SOD3 

(superoxide dismutase 3) is secreted by the adipocytes and has the potential to prevent oxidative 

stress. In mice, Cui et al. [55] suggested that the specific function of SOD3 in blocking 

adipogenesis and that the overexpression of SOD3 suppressed the expression of pro-

inflammatory genes in adipose tissue, and increased the expression of anti-inflammatory genes. 
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Altogether, the positive correlation of FBP1, G0S2 and SOD3 with the oleic acid, and their 

negative correlation with the three other PUFA may be due to their involvement in the lipid 

metabolism of the host, rather than on the metabolism of the essential FAs and their derivatives. 

On the other hand, we also found that the patatin-like phospholipase domain containing 8 

(PNPLA8) and glutamate oxaloacetate transaminase 1 (GOT1) genes were negatively correlated 

with C18:1n-9, while they were positively correlated with C18:2n-6 and C20:4n-6. PNPLA8 

belongs to a family of phospholipases that catalyze the cleavage of fatty acids from membrane 

phospholipids [56]. Furthermore, PNPLA8, also participates in mitochondrial lipid remodeling, 

and its absence causes mitochondrial dysfunctions and increased oxidative stress [57]. As 

another candidate for meat quality and carbohydrate metabolism, GOT1 controls cellular 

metabolism through coordinating the utilization of carbohydrates and amino acids to meet 

nutrient requirements [58], but also this gene is crucial to provide oxaloacetate at low glucose 

levels, likely to maintain the redox homeostasis. 

On the other hand, we also found that the patatin-like phospholipase domain containing 8 

(PNPLA8) gene was the strongest negatively correlated gene with C18:1n-9, while it was 

positively correlated with C18:2n-6 and C20:4n-6. PNPLA8 belongs to a family of 

phospholipases that catalyze the cleavage of FAs from membrane phospholipids [56]. 

Furthermore, PNPLA8 is involved in mitochondrial lipid remodeling, and its absence causes 

mitochondrial dysfunctions and increased oxidative stress [57]. 

It is also worth mentioning the potential role in lipid metabolism of two transporter genes, 

EXOC7 and SLC44A2. The exocyst complex component 7 (EXOC7) gene was positively 

correlated with C18:0. As EXOC7 is a component of the exocyst complex, which regulates free 

FA uptake by adipocytes [59], it is involved in diverse biological functions, including 

promoting the translocation of glucose transporter GLUT4 in the cell. Although there were other 

members of the solute carrier family, the solute carrier family 44 member 2 (SLC44A2) 

presented the same correlation pattern (positive with MUFA but negative with PUFA) as FBP1, 

G0S2 and SOD3.  In mice, SLC44A2 was discovered to mediate choline transport into 

mitochondria, where it regulates synthesis of ATP, platelet activation and thrombosis [60]. In 

addition, supporting information for SLC44A2 has suggested its important role for normal 

homeostasis [61]. 
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Identification of putative regulators and their potential gene targets 

The implementation of RIF based on the rCCA results is a useful and complementary approach 

to better understand the complex regulation mediated by TFs and their potential target genes. 

Comparing the expression profiles between FA conditions, we identified six interesting TF-

regulators with less-known (TADA2A and CARHSP1) but also with well-known (MAFA, SIX5, 

LBX1, and PAX7) functions in livestock species. In each of them, potential target genes were 

also identified. Remarkably, we found TFs that accordingly to RIF1 (TADA2A and CARSHP1) 

and RIF2 (KLF10 and TADA2A) were scored as the first and second most relevant TF. To be 

noted, several target genes of TADA2A and CARSHP1 were detected as functional related to 

lipid metabolism (e.g., PLIN1 and TFRC) and/or meat quality (e.g., GOT1). However, no target 

genes were in silico detected for KLF10. 

Considering the correlation analysis, our findings in muscle suggests that transcriptional 

adaptor 2A (TADA2A) was linked to the 4 most interconnected FAs (positively associated with 

C20:4n-6, C18:2n-6, and C20:3n-6 respectively, and negatively associated with C18:1n-9). The 

protein encoded by TADA2A is part of the ATAC (Ada-Two-A-Containing) complex that 

interacts with the TATA-binding protein for transcriptional activation [62]. In addition, 

TADA2A was suggested to be involved in de novo hepatic lipogenesis in chicken fed with 

different diets [63]. On the other hand, calcium regulated heat stable protein 1 (CARHSP1) was 

positively linked to the sixth most interconnected FA (C16:1n-7). In mice, CARHSP1 is 

regulated by the nutrient status in the liver and was suggested to inhibit hepatic gluconeogenic 

gene expression via repression of transcriptional activity of the PPARα transcription factor [64]. 

Consequently, both regulators were targets for each other in animals of the condition 2 (i.e., 

more SFA and MUFA, and less PUFA contents), as well as having shared target genes, such as 

GOT1, PLIN1, and TFRC. Taken together, these findings suggest some of the transcriptional 

circuits through which key regulatory genes exert their impact on their targets and FAs. 

Conversely, FAs may act as well as signaling candidates to regulate the transcription of target 

genes encoding proteins involved in muscle lipid metabolism [65]. 

Functional analysis of FA-correlated genes 

Results from the functional analyses showed significantly over-represented GO terms related 

to carbohydrate and lipid metabolism. Among them, one of the most important was the citrate 

cycle (TCA cycle or Krebs cycle), which is an important aerobic pathway for the final steps of 
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the oxidation of carbohydrates, FAs, and amino acids [66], as well as this cycle provides 

precursors for many biosynthetic pathways. It is worth noting that the LEP, MDH1 and CYCS 

genes were also enriched on the insulin signaling pathway, which can affect lipid metabolism 

[67]. 

As indicated by another metabolic pathway, the regulation of lipolysis in adipocytes highlights 

the potential role of certain candidate genes in skeletal muscle lipolysis (e.g., PLIN1), as well 

as FAs derived from intramuscular lipolysis (e.g., C16:1n-7 and C18:1n-9). In skeletal muscle, 

PLIN proteins are likely involved in the hydrolysis of triglycerides stored in lipid droplets and 

the passage of FAs to the mitochondria for their oxidation in the skeletal muscle [68]. 

Furthermore, a previous study in porcine adipocytes has shown that PLIN1 is a novel candidate 

gene for IMF deposition and adipocyte differentiation [69]. Also taking into account the 

exemplified FAs, activation of adipocyte lipolysis by C16:1n-7 acid treatment has been 

demonstrated while C18:1n-9 acid was chosen as a control FA in investigations in mice [70]. 

The results of the functional and RIF analyses, highlighted the importance of certain target 

genes (e.g., PLIN1, ADIPOQ, GOT1, TFRC, or CARHSP1) which were found to be enriched 

in various biological processes related to lipid metabolism and RNA binding, respectively. For 

instance, PLIN1 and GOT1 belonged to pathways related with fat deposition (e.g., PLIN1 in 

oxidation, accumulation, synthesis, concentration and homeostasis of lipids, and GOT1 in 

homeostasis of lipids). 

Conclusions 

This study suggests the relevance of key FA phenotypes, but also promising FA-correlated 

genes, putative regulators, biological processes, and pathways related to intramuscular FA 

composition in pigs. Several of the candidate genes identified in this work were consistent with 

functions related to lipid and/or carbohydrate metabolism and meat quality. Likewise, the 

current findings indicate the potential impact of two particularly interesting regulators 

(TADA2A and CARHSP1) of the gene expression, as well as their modulatory effect on the FA 

composition. 
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Figures 

Figure 1 Correlation circle plot from the PCA applied to of the FA phenotypes and gene 

expression in muscle of BC1_DU pigs displayed from the first two rCCA dimensions (15 

FAs and 365 genes selected in total). 

Figure 2 Network plot for the longissimus dorsi muscle study in BC1_DU pigs. Green and 

red edges indicate positive and negative correlation. 

Legend: Output obtained for the first three rCCA dimensions (13 FAs and 365 genes were 

selected), showing the correlation structure for all bipartite relationships with a correlation 

cutoff of 0.29. Color legend: FAs: magenta = SFA members; royal blue = MUFA members; 

orange red = PUFA members; and genes: darkorange = enzyme; aquamarine = adipokine; 

chartreuse = TF; turquoise = TF cofactors; yellow = lipid metabolism‐related genes; 

navajowhite = carbohydrate metabolism; crimson = glycolysis; gold = transporter; lightpink = 

fatty acid beta-oxidation; coral = amino acid metabolism; cornsilk = receptor family; 

deepskyblue = nucleic acid metabolism. Out of a total of 365 genes, the 176 colored genes were 

referring to a functional or gene family classification (while 189 genes were unclassified). 

Figure 3 Functional analysis with the correlated genes from the rCCA approach that were 

significantly enriched in GO terms according to metabolic pathway delimitation. 

Legend: This output is a representation of the original results table generated with the ClueGO 

plugin in Cytoscape software. 
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Figure 4 Principal component analysis (PCA) summarizing the separation and similarities 

among FA conditions with the extreme values. 

Legend: PC1 and PC2 explained 77.40% of the total variance. The visualization of the 

eigenvectors was implemented to delimit the FAs belonging to their respective group (SFA, 

MUFA, PUFA). 

Additional files 

Additional file 1 Table S1 

Format: Excel 

Title: Manual list with functional annotation and plausible function in different aspects of FA, 

lipid, and carbohydrate metabolism. 

Description: This list was compiled based in ClueGO results for selected genes from rCCA. 

Additional file 2 Table S2 

Format: Excel 

Title: Trained list containing genes associated with lipid and/or carbohydrate metabolism in 

lipogenic tissues (adipose, liver and muscle-skeletal) was obtained from GUILDify tool. 

Description: This procedure uses BIANA knowledge base to create a species-specific 

interaction network for each gene detected. Here, the netcombo prioritization algorithm based 

on network topology, and the highest guild score for the top 100 gene products (with only seed) 

were considered to compose the trained list. 

Additional file 3 Table S3 

Format: Excel 

Title: List of all transcription factors (TFs) and TF cofactors for sus scrofa specie obtained from 

AnimalTFDB v3.0 database. 

Description: This resource is also available at:  http://bioinfo.life.hust.edu.cn/AnimalTFDB/#!/. 
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Additional file 4 Table S4 

Format: Excel 

Title: The correlation matrix for all bipartite relationships (13 FAs and 365 genes) obtained via 

rCCA approach with a correlation above 0.29 using the network function in the mixOmics 

package. 

Description: NAs values in this table mean that the correlation between both variables did not 

exceed the pre-established cut-off point. 

Additional file 5 Figure S1 

Format: png 

Title: Correlation circle plot from the PCA applied to the FA phenotypes and gene expression 

in muscle of BC1_DU pigs displayed the first versus third rCCA dimensions. 

Description: This output was obtained using the plotVar function of the mixOmics package. 

Additional file 6 Figure S2 

Format: png 

Title: Heatmap displaying the correlation structure of the rCCA in the longissimus dorsi muscle 

from BC1_DU pigs. 

Description: This output was obtained using the functions and dependencies of the 

ComplexHeatmap package. All bipartite relationships between FAs and gene expression 

variables (cutoff of 0.29) are shown, including hierarchical clusters for both variables. Heatmap 

with the rCCA variables (365 genes and 13 FAs selected in total) was computed. To 

complement the network plot, heatmap was used. The color key indicates positive (green) and 

negative (red) correlation. 

Additional file 7 Figure S3 

Format: png 
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Title: Density distribution of correlation between FA and gene expression profiles, including 

five quantile levels and mean value in the longissimus dorsi muscle from BC1_DU pigs. 

Description: Distribution of correlations (FA vs. gene expression) as Density heatmap using 

densityHeatmap function. Here, the density was calculated by columns from input data passed 

as a list item. 

Additional file 8 Figure S4 

Format: png 

Title: Functional analysis with correlated genes from rCCA that were significantly enriched in 

GO terms according to biological processes delimitation. 

Description: This output is a representation of the original results table generated with the 

ClueGO plugin in Cytoscape software. 

Additional file 9 Table S5 

Format: Excel 

Title: ClueGO Gene Ontology (GO) results of selected genes in the rCCA approach. 

Description: Functional analysis included significant GO terms with and without “GO Term 

Fusion” (biological process, pathways and molecular functions, BH-corrected P-value < 0.05) 

and was performed with the background of all genes expressed in muscle. 

Additional file 10 Table S6 

Format: Excel 

Title: Mean comparison between the two FA conditions with the extreme values obtained 

through classification using PCA (see details in Figure 4). 

Description: This analysis included the FAs profile (n = 60 animals) with the 13 phenotypes 

selected in the rCCA approach. Significant differences (P-value < 0.05) between FA conditions 

were determined using a t-test, and the SEM = standard error of the mean was calculated. 

Additional file 11 Table S7 
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Format: Excel 

Title: Results of the co-expression correlation analysis between the TF (n = 19) and rCCA-

derived genes (n = 343) in each experimental condition. 

Description: This output was obtained using the runAnalysis function of the CeTF package. 

Additional file 12 Table S8 

Format: Excel 

Title: Results of the correlation differential (alias DW) written as the correlation of the TF with 

all possible target genes in conditions 1 and 2, respectively. 

Description: This output was obtained using the functions of the CeTF package. 

Additional file 13 Table S9 

Format: Excel 

Title: Results of the distribution of DE genes and specific TF in both conditions, as well as the 

relationship between log(baseMean) and expression difference. 

Description: This output was obtained using the functions of the CeTF package. 
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Chapter 4. General Discussion 

 

The links between fatty acid (FA) profile and gene expression in muscle has received special 

attention in recent years, mainly due to its effects on meat quality parameters and human health. 

Skeletal muscle is an extremely complex organ, which consists of approximately 90% muscle 

fibers and 10% of connective and fat tissues (Listrat et al., 2016). Muscle is also a highly 

metabolically active tissue, that both stores (e.g., of metabolites) and consumes energy (Liu et 

al., 2015). Moreover, muscle is also controlling many physiological processes and structural 

and metabolic features. Since skeletal muscle is one of the primary regulators of lipid and 

glucose metabolisms, it is highly susceptible to changes in glucose and FA availability (Morales 

et al., 2017). Muscle has an intrinsic ability to change its mass and phenotype in response to 

activity, and these processes may involve both quantitative and qualitative changes in gene 

expression (Goldspink, 2002). 

 

Based on the intramuscular FA content in the longissimus dorsi (LD) muscle of pigs from an 

Iberian × Duroc backcross (called BC1_DU), the present discussion emphasizes the integration 

of the results from the three studies: (1) outlining the rationale summary for the relationships 

between gene expression levels and FA composition traits, and (2) highlighting the important 

FA phenotypes, key regulators, candidate genes, biological processes and metabolic pathways 

modulating the intramuscular FA profile of the LD muscle. 

 

4.1. Identification of differentially expressed genes and polymorphisms related to oleic-to-

stearic acid ratio 

 

We present results evaluating the muscle transcriptomic profiles of divergent animals (16 high 

and 16 low, H and L groups) for the intramuscular oleic-to-stearic acid (or C18:1n-9/C18:0) 

ratio. The overall objective was to identify DE genes and polymorphisms related to C18:1n-

9/C18:0 phenotype. Results from DESeq2 method (Love et al., 2014), reports a total of 81 DE 

genes (57 down-regulated and 24 up-regulated DE genes). The functional analyses of DE genes 

indicate that mainly PPAR signaling pathway was enriched among the DE genes.  

 

In general, the literature search of the 81 DE genes revealed that ten genes of them (ACAD10, 

ACADVL, ECHDC3, FABP3, FADS3, ILVBL, MMAA, PLIN1, PPARG, and SCD) are well-
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known for their role in energy, lipid and carbohydrate metabolism, and mitochondrial fatty acid 

beta-oxidation; which are important pathways to modulate the FA composition. Three of these 

genes (ACADVL, PLIN1, and SCD) and four other DEGs (DZANK1, GOT1, PANK1, and 

PPP1R1B) were previously detected as DE genes in the LD muscle transcriptome of 

phenotypically extreme animals (H vs. L groups, only females) for intramuscular FA 

composition from an Iberian × Landrace backcross population (BC1_LD) (Puig-Oliveras et al., 

2014). In addition, we found that the most significant DE gene (i.e., HGFAC, P-adj = 4.34E-

07) has been reported as a ChREBP-regulated hepatokine in mice and humans. HGFAC codes 

for a protease that activates the pleiotropic hormone hepatocyte growth factor (Sargsyan et al., 

2023). Likewise, this gene enhances lipid and glucose homeostasis, mediated in part by the 

activation of hepatic peroxisome proliferator-activated receptor gamma (PPARG).  

 

4.1.1. Differentially expressed genes between high and low groups 

 

Among the up-regulated genes in high group animals we detected the stearoyl-CoA desaturase 

(SCD), a regulatory enzyme catalyzing the rate-limiting step in the overall de novo synthesis of 

C18:1n-9 and C16:1n-7 acids (Ntambi & Miyazaki, 2004). Both FAs are produced by the Δ9-

desaturation of their respective precursors (i.e., C18:0 or stearic acid and C16:0 or palmitic acid, 

respectively) (Guillou et al., 2010). A higher SCD gene expression will likely increase the 

desaturation ratio values (C18:1n-9/C18:0, C16:1n-7/C16:0, C18:1n-9+C16:1n-

7/C18:0+C16:0, and MUFA/SFA) in muscle in high group animals. Regarding these traits, we 

also investigated the correlations with the expression of SCD in muscle.  Moderate correlation 

was observed with values of r = 0.65 for C18:1n-9/C18:0, r = 0.68 for C16:1n-7/C16:0, and r = 

0.54 for C18:1n-9+C16:1n-7/C18:0+C16:0. 

 

Several TF binding sites were found in the pig SCD gene promoter (Estany et al., 2014), 

including the PUFA response element (PUFA-RE), the sterol regulatory element (SRE) where 

the SREBP-1C transcription factor binds, the PPARG motif, and the retinoic receptor and the 

retinoic acid receptor α (RXR:RARα) binding elements, suggesting a fine regulation of its 

expression. In our RNA-Seq study, the PPARG gene expression was increased in the high 

group. PPARG is a master regulator of adipogenesis (Lee & Ge, 2014) and its expression was 

correlated with the expression of lipid metabolism genes in backfat (Revilla et al., 2018). As a 

member of peroxisome proliferator-activated receptors (PPARs), it controls the mRNA 
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expression of genes involved in lipid metabolism, including the induction of the SCD gene 

expression (Miller & Ntambi, 1996). Hence, a higher expression of PPARG in high group 

animals was associated with higher SCD levels in pig muscle, but we cannot conclude that there 

is a direct effect. Moreover, PUFA has also been reported to repress the induction of lipogenic 

genes (including SCD) (Liang et al., 2017; Mater et al., 1999; Nakamura et al., 2004). This 

modulation occurs, for example, by binding to the PUFA-RE element and suppression of 

SREBP-1c gene transcription and proteolytic processing.  In fact, we hypothesized that the 

lower PUFA content in the muscle of high group animals (P = 7.07E-05) might repress the 

PPARG gene expression (r PUFA-PPARG = -0.52, P = 2.01E-03), and consequently modulate the 

SCD gene expression in LD muscle. 

 

Another attractive DE gene between the two groups of animals was the perilipin 1 gene 

(PLIN1), which showed overexpression in the high group. PLIN1 is a member of the PAT 

family of proteins that are able to bind lipid droplets (Bickel et al., 2009), and plays a role in 

regulating intracellular lipid storage and mobilization, controlling lipid homeostasis. PLIN1 has 

been identified among the LD muscle overexpressed genes in pigs with a high intramuscular 

fat (IMF) content, both in Iberian purebred pigs (Muñoz et al., 2018) and in commercial hybrid 

pigs (Li et al., 2018). Similarly, high group animals, with higher PLIN1 expression, showed a 

higher IMF content in LD muscle (P = 2.59E-03). 

 

Furthermore, we found that the fatty acid desaturase 3 gene (FADS3) was overexpressed in the 

high group animals. FADS3 is a member of the FADS family of fatty acid desaturases, including 

FADS1 and FADS2 genes, clustered together on porcine chromosome 2 (Taniguchi et al., 2015). 

FADS3 function is unknown, but its high sequence homology to functional FADS1 and FADS2 

suggest that it is involved in long chain PUFA biosynthesis (Park et al., 2009). In addition, the 

expression of FADS3 has been shown to be up-regulated markedly in mice lacking FADS2 

(Stroud et al., 2009), which suggested that FADS3 is a homologous gene to FADS2. 

 

As another example, our results also showed an overexpression of the nerve growth factor 

receptor (NGFR) in high group animals. NGFR gene plays a role in the regulation of the 

translocation of GLUT4 to the cell surface in adipocytes and muscle cells in response to insulin 

(Liang et al., 2017).  
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Among the down-regulated genes in high vs. low groups, the fatty acid binding protein 3 

(FABP3) showed a lower expression. The FABP3, also known as H-FABP (heart-type 

cytoplasmic fatty acid-binding protein), belongs to a family of FA binding proteins which are 

involved in intracellular transport of long-chain FAs and the regulation of FA uptake 

(Chmurzyńska, 2006; Glatz et al., 2003). As a member, FABP3 is expressed in a large number 

of tissues, including heart, skeletal muscle and adipose tissue among others, but also it has been 

reported to be involved in FAs uptake and transport to mitochondria for β‑oxidation system in 

muscle (Furuhashi & Hotamisligil, 2008). Furthermore, all FABPs bind long-chain FAs with 

differences in ligand selectivity. Thus, FABPs binding FAs can potentially enter the nucleus to 

target members of the PPARs family (including PPARG) of transcription factors (Furuhashi & 

Hotamisligil, 2008).  

 

4.1.2. Verification of RNA-Seq results with RT-qPCR 

 

For three protein coding genes with an important role in lipid metabolism (FABP3, PPARG, 

and SCD), a comparison of the RNA-Seq results with the RT-qPCR via Fluidigm system (n = 

32 extreme animals) (Criado-Mesas et al., 2020) was carried out. There was a good concordance 

between the expression values measured by RNA-Seq (log2CPM) and the RT-qPCR (log2NQ) 

methods, showing significant correlations (P < 0.05) of 0.776 for FABP3, 0.693 for PPARG, 

and 0.834 for SCD genes. Since PPARG is a transcription factor binding to the SCD promoter 

(Estany et al., 2014), the correlation between gene expression of both genes was screened. To 

this particular, our findings confirmed by another methodology (i.e., RT-qPCR) suggested a 

transcriptional regulation of SCD by the PPARG (r = 0.75, P = 9.295E-07). A similar correlation 

value (r = 0.78, P < 1.00 × 10-16) was reported in a larger study by real-time qPCR in an Iberian 

× Landrace backcross (Puig-Oliveras et al., 2016).  

 

4.1.3. Analysis of single nucleotide polymorphisms (SNPs) located in the SCD gene 

 

To identify putative SNPs, ten polymorphisms were genotyped and analyzed in depth for the 

SCD gene. The SNP rs80912566 (AY487830:g.2228T>C SNP) is located in the promoter 

region of the SCD gene in purebred Duroc pigs (Estany et al., 2014) was included in our list. 

We considered other nine additional polymorphisms located in the promoter, 5’UTR and 

3’UTR regions of the SCD gene. The main results indicated that animals of the high group had 
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a higher allelic frequency of the T allele of the rs80912566 SNP (0.91) in comparison to low 

group animals (0.59). Interestingly, the haplotype reconstruction reveals that seven genetic 

variants within the SCD were distributed in two haplotypes. Haplotype H1 (C-C-C-T-A-C-G) 

contains the T allele of the rs80912566 SNP, while haplotype H2 (A-G-T-C-G-T-C) has the 

alternative C allele. Among the high animals 13 were homozygous for haplotype H1 (H1H1) 

and three heterozygous (H1H2). Conversely, among low animals four were homozygous for 

haplotype (H1H1), 11 heterozygous (H1H2) and one homozygous for haplotype H2 (H2H2). 

Hence, high animals showed a higher frequency of the H1H1 genotype than low animals. 

However, our results also showed the haplotype is not explaining completely the classification 

in high and low animals, nor the SCD expression or the C18:1n-9/C18:0 ratio. These results 

suggested that other additional factors or other causal variants in linkage disequilibrium with 

rs80912566 may be explaining the IMF C18:1n-9/C18:0 ratio and SCD expression differences. 

Hence, further studies will be required to validate the causal mutation in the BC1_DU 

population, as well as in other pig populations. 

 

4.1.4. Gene ontology and pathways analysis 

 

Functional analysis with the 81 DEGs indicated that two gene ontology (GO) term and one 

KEGG pathway were significantly overrepresented. Overall, the main GO term detected was 

the PPAR signaling pathway containing four genes related to lipid metabolism (FABP3, PLIN1, 

PPARG, and SCD). In concordance, the peroxisome proliferator-activated receptor (PPAR) 

signaling pathway was significantly overrepresented in the muscle transcriptome analysis of 

pigs (Iberian x Landrace backcross) with divergent muscle FA composition (Puig-Oliveras et 

al., 2014).  

 

4.2. Global and integrative analysis of gene expression and fatty acid traits 

 

Overall, our results illustrate an assessment of the gene expression and fatty acid (FA) profiles 

of pig muscle in the context of multifactorial design using a combination of univariate and 

multivariate analyses. Collectively, we showed that expression was significantly associated 

with FA composition (second paper) using the univariate ELMSeq approach (Liu et al., 2018). 

Notwithstanding, only 53.52% of the gene expression values (547/1022 FA-associated genes) 

significantly correlated (i.e., Pearson’s correlation coefficient (r) ranged from low to moderate 
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(r [-0.19 to 0.51]) with the phenotypic values of representative FAs (i.e., 21 of 36 FA traits). In 

fact, these correlation values were similar to those reported in independent studies on muscle, 

such as: gene expression vs. FA composition (Wang et al., 2013; Puig-Oliveras et al., 2016; 

Zhang et al., 2017), or gene expression vs. IMF content (Wang et al., 2020; Liu et al., 2021). 

Subsequently, in the third paper we performed a multivariate integrative analysis via rCCA 

approach (Lê et al., 2009), and with them we showed a bipartite relationship between the 

intramuscular FA and gene expression profiles. We highlight a subset of canonical variables 

(13 FAs and 365 genes) that maximize the correlation between both datasets (low to moderate 

range, r [-0.39 to 0.41]) was identified by applying a pre-established cutoff (above 0.29) 

(Ramayo-Caldas et al., 2019). As an intriguing result, FAs C20:2n-6, and C20:3n-3 showed 

only negatively correlated genes.  

 

4.2.1. Overlap between ELMSeq and rCCA results  

 

Broadly, the intersection between the set of genes identified with the univariate (second study) 

and multivariate approach (third paper) is evaluated below. 

 

6.2.1.1. Summary of metabolic enzymes 

 

Taken together, both approaches yielded a set of candidate genes coding for metabolic enzymes 

(ELMSeq= 118 and rCCA=30), but only nine out of theses enzymes (GOT1, PDHA1, MDH1, 

IDH3A, ALAD, HMGCR, ATP6V1C1, G0S2, and FBP1) were commonly detected in the two 

studies. Moreover, specific enzyme activities with lipolytic activity such as LPL and ACSL1 

(ELMSeq), and lipogenic activity such as ELOVL6 and SC5D (ELMSeq), and SOD3 (rCCA) 

were detected only by one approach.  

 

6.2.1.2. Genes related to carbohydrate and lipid metabolism 

 

We also observed overlapping of 30 lipid and/or carbohydrate metabolism genes (out of a total 

of ELMSeq=146 and rCCA=49). Among them, we highlight SLC44A2, LPIN1, PNPLA8, 

HMGCR, ARSA, MED1, PLIN1, PIK3C2G, INPPL1, G0S2, PPP1CB, ATP5F1A, IDH3A, 

PDHA1, ATP5MC3, CYCS, SDHD, NDUFS1, RPN2, and POMGNT1. Of note, adipokines 



General Discussion 

___________________________________________________________________________ 
 

151 
 

(LEP, ADIPOQ, NAMPT, and SFRP5) were found, being ADIPOQ and NAMPT specifically 

detected by the rCCA method. LEP, ADIPOQ and NAMPT genes participate in the adipogenesis 

pathway, while SFRP5 gene is also known as an anti-inflammatory adipokine (Wang et al., 

2020). In addition, the CHUK cytokine gene was commonly reported by the two methods, 

which plays an essential role in the negative feedback of NF-kappa-B (NFKB) canonical 

signaling to limit inflammatory gene activation.  

 

6.2.1.3. Fatty acid and glucose transport genes 

 

Regarding genes involved in transport of molecules, three members of the solute carrier (SLC) 

gene superfamily (SLC31A1, SLC44A2, and SLC35G1) were highlighted. Members of SLC 

superfamily encode membrane-bound transporters, which play essential roles in transporting a 

variety of substrates across cellular membranes, including amino acids, glucose, inorganic 

cations and anions, FAs and lipids, acetyl coenzyme A, and vitamins, among others (He et al., 

2009). Meanwhile, for glucose transport, the TRARG1 [alias trafficking regulator of GLUT4 

(SLC2A4) 1] gene was only detected by ELMSeq approach presenting numerous associations 

with MUFA and PUFA traits, and MUFA/PUFA, MUFA/SFA ratios. TRARG1 gene has been 

predicted to be involved in endosome to plasma membrane protein transport and glucose import 

in response to insulin stimulus (NCBI Gene ID: 286753). Moreover, a component of the exocyst 

complex (like EXOC7) was detected by the two methods. EXOC7 gene was found to be 

associated with C18:0 and/or C20:1n-9, respectively. The exocyst complex is known to regulate 

the free FA (FFA) uptake by adipocytes, and the trafficking/docking of insulin-sensitive 

glucose transporter type 4 (GLUT4) (Inoue et al., 2003, 2015). 

 

6.2.1.4. Genes involved in meat quality 

 

On the other hand, overlap for genes involved in meat quality was observed including six 

candidate genes (MDH1, GOT1, NEU3, GALNT15, GALNT17, and PDHA1). Three of them, 

MDH1, GOT1 and PDHA1 were detected by both methods, while NEU3 and GALNT15, was 

detected only by the ELMSeq approach and GALNT17 only with rCCA.  
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6.2.1.5. Association of fatty acid with long non-coding RNAs 

 

Unlike RNAs that are translated into proteins (mRNAs), there are other types of RNAs such as 

the long non-coding RNAs (lncRNAs). lncRNAs play important roles in biological processes 

such as chromatin remodeling, transcriptional activation, transcriptional interference, RNA 

processing, and mRNA translation (Zhang et al., 2019). They also regulate gene expression at 

the epigenetic, transcriptional, post-transcriptional, levels in a variety of ways. Results based 

on ELMSeq indicated the presence of three lncRNAs (ENSSSCG00000015889 alias TANK, 

ENSSSCG00000011196 or previously known as DPH3, and ENSSSCG00000038429) 

significantly associated with FA composition. For instance, TANK was negatively correlated 

with C18:1n-9 (r = -0.26, P-value = 3.024E-03) but positively with C18:2n-6/C18:3n-3 (r = 

0.30, P-value = 6.517E-04). Moreover, C18:2n-6/C18:3n-3 showed a positive correlation with 

ENSSSCG00000011196 (r = 0.28, P-value = 1.286E-03) and ENSSSCG00000038429 (r = 0.31, 

P-value = 3.817E-04). Meanwhile, ω6/ω3 ratio was positively correlated (r = 0.28, P-value = 

1.562E-03) with ENSSSCG00000038429. However, only TANK is annotated in the current 

version of Sscrofa11.1 (i.e., Pig Ensembl Genes 109). The other members need to be 

categorized or named in terms of gene annotation. To the best of our knowledge, the effects of 

these lncRNAs on FA phenotypes have not yet been established in the literature. TANK in 

human cells has been reported as a negative regulator of NF-kappaB signaling activation upon 

DNA damage, as well as on cell survival and, consequently on increased inflammatory cytokine 

production (Wang et al., 2015). Therefore, it appears that our identification of both TANK 

lncRNA and CHUK cytokine may suggest a parallel activity negatively regulating the NFKB 

signaling cascade. 

 

6.2.1.6. Putative regulators affecting fatty acid composition, including transcription factor 

and co-factors 

 

When focused on putative regulators, a cross-referencing of ELMSeq list (n = 62 TFs) against 

the rCCA detection (n = 22 TFs) indicated 11 commonly reported TFs (HBP1, HOXB6, LBX1, 

MAFA, SIX5, TADA2A, TFAM, YBX2, ZNF146, ZNF326, and ZNF407). Of note, the detection 

of TFs by ELMSeq predominated in PUFA traits such as ω6/ω3, C18:2n-6/C18:3n-3, C20:2n-

6 and C20:1n-9 MUFA, whereas by rCCA the highest number of TFs were detected in C18:2n-
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6, C20:4n-6, and C20:3n-6 PUFA and C18.1n-9 MUFA. We complemented this step using the 

RIF approach (Oliveira de Biagi et al., 2021; Reverter et al., 2010) on rCCA outputs, identifying 

six DE regulators (TF genes) between FA conditions, including TFs (LBX1, MAFA, SIX5, and 

TADA2A) shared with ELMSeq approach as well as the remaining TFs (CARHSP1 and PAX7) 

not detected by the two methods. RIF suggested a relevant role of TADA2A and CARHSP1 with 

extreme value for the RIF metrics, being scored as the first and second most relevant TF 

according to RIF1 and RIF2, respectively. The information from RIF1 and RIF2 is 

complementary. RIF1 score classified the TFs most differentially co-expressed with the highly 

abundant and highly DE genes, whereas RIF2 score classified those TF which are the best 

predictors of the abundance of DE genes. Notwithstanding, our data also provide additional 

evidence of TADA2A and CARHSP1 as novel regulators in pigs with a pivotal role in gene 

expression and, consequently, in the modulation of FA traits. In fact, both regulators were 

linked with the six most interconnected FAs. For instance, TADA2A was positively associated 

with C20:4n-6, C18:2n-6, and C20:3n-6 but negatively related with C18:1n-9; while CARHSP1 

was positively linked with the C16:1n-7 lipokine.  

 

Furthermore, the in silico prediction of TF-binding sites suggest some shared target genes 

related to lipid metabolism (e.g., PLIN1, TFRC, and GOT1). In line with biological relevance, 

the protein encoded by TADA2A is part of the ATAC (Ada-Two-A-Containing) complex that 

interacts with the TATA-binding protein for transcriptional activation (Wang et al., 2008). In 

addition, TADA2A was suggested to be involved in de novo hepatic lipogenesis in chicken fed 

with different diets (Desert et al., 2018). On the other hand, CARHSP1 is regulated by the 

nutrient status in the liver and was suggested to inhibit hepatic gluconeogenic gene expression 

via repression of transcriptional activity of the PPARα transcription factor in mice (Fan et al., 

2011). Taken together, these findings suggest a putative transcriptional circuits through which 

key regulatory genes may exert their impact on their targets and FAs.  

 

Considering the collection of TF co-factors, the identification of the two different approaches 

(ELMSeq: 77 co-factors versus rCCA: 22 co-factors) revealed a total of 14 overlapping. These 

14 co-factors are involved in the regulation of transcription (CCDC85B, CHUK, EDF1, GNL3, 

GTF2B, MED1, PCGF2, SNW1, TCEA1, and VGLL2), in adipogenesis (LGALS12 and LPIN1), 

in gluconeogenesis and glycolysis (FBP1), and also in epigenetic regulation of myogenesis 

(HDGFL2). Our data indicated that lipin 1 (LPIN1) was positively correlated with the 
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abundance of C20:4n-6 and ω6/ω3 ratio. This gene participates in the metabolism of the 

arachidonic acid in Caenorhabditis elegans organism (Jung et al., 2020). Likewise, LPIN1 was 

identified as a potential candidate gene in a study conducted by our group on the intramuscular 

FA composition of Iberian × Landrace backcross population (Puig-Oliveras et al., 2016). 

Notably, although the galectin-related inhibitor of proliferation (LGALS12) was exclusively 

associated with C16:1n-7 via rCCA (positively correlated), this gene simultaneously showed 

positive associations with six FAs via ELMSeq (including e.g., with C16:1n-7), while it was 

negatively correlated with C20:2n-6. In addition, in our GO analysis the LGALS12 gene was 

assigned to the functional categories related to signal transduction and regulation of cellular 

processes. In fact, Wu et al. (2018) have reported that LGALS12 knockdown could inhibit 

adipogenesis in porcine adipocytes by downregulating lipogenic genes and activating the PKA–

Erk1/2 signaling pathway. 

 

Another interesting co-factor, detected by ELMSeq method, was the nuclear receptor 

coactivator 2 (NCOA2), which showed a positive correlation with the ω6/ω3 ratio. NCOA2 

encodes a protein that acts as a transcriptional coactivator for nuclear hormone receptors, 

including steroid, thyroid, retinoid, and vitamin D. In fact, in BC1_LD pigs a key role of 

NCOA2 as modulator of the intramuscular FA composition and control energy homeostasis has 

been reported (Ramayo-Caldas et al., 2014), as well as it was reported among lipid-related 

genes that exhibited differential gene expression between sexes (Puig-Oliveras et al., 2016). 

 

6.2.1.7. Association of PUFA ratios with gene expression 

 

ELMSeq reports links between PUFA ratios including ω6/ω3 and C18:2n-6/C18:3n-3 traits, 

which share 57.32% of genes between them, including also a sizeable fraction of enzymes and 

TFs. Arguably, this considerable degree of overlap could be explained because the ω6/ω3 ratio 

contains C18:2n-6 and C18:3n-3 as major FAs in its numerator and denominator. In both ratios 

we identified 10 common TFs (of 24 and 18 found). However, with the exception of ESRRA, 

IRF2, HBP1, TSC22D3, and MECP2 TFs; not much is known about the functions and the 

transcriptional regulatory relationships of ZNF407, ZSCAN20, HOXB5, YBX2, and NFE2L3 

TFs. We highlight the significant association of estrogen related receptor alpha (ESRRA) gene 

with PUFA ratios. ESRRA was one of the candidate genes for backfat found in a region on SSC2 

related to the oxidation of different FAs in different backcrossed pigs (including BC1_DU 
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animals) (Crespo-Piazuelo et al., 2020). ERR alpha is an orphan member of the superfamily of 

nuclear hormone receptors, which has been reported as a transcriptional regulator of the human 

medium-chain acyl coenzyme A dehydrogenase gene (ACADM) (Sladek et al., 1997). On the 

other hand, concerning the enzyme activity underlying the metabolism of specific PUFA ratios, 

41 enzymes (of 77 and 55 found) were detected in the ω6/ω3 and C18:2n-6/C18:3n-3 traits. 

Among these enzymes, we highlight (ATP5F1A, PIK3C3, PRPF19, AACS, ACSL1, SC5D, 

GALC, and HMOX1) for which their relevance in lipid metabolism has been documented.  

 

4.2.2. Methodological assessment of the assumptions and features of ELMSeq and rCCA 

approaches 

 

We have already described the degree of overlap and the differences in the results obtained by 

the ELMSeq and rCCA approaches. However, it is important to highlight some methodological 

differences between them. The algorithm known as ELMSeq computes a single gene-by-gene 

regression analysis, the assumptions of our model include the normality of the response 

variable, but also that the gene expression data is log-normally distributed. Then, it 

automatically performs inter-sample normalization, and thus can handle e.g., batch effects and 

variation in sequencing depths of different samples. In addition to features of the model: (1) 

sample-specific normalization are modeled as in the gene-wise linear models and jointly 

estimated with the regression coefficients, and (2) by imposing sparsity-inducing L1 penalty on 

the regression coefficients. As an advantage, ELMSeq allows to test the association of gene 

expression with a particular variable, while adjusting for all other covariates.  

 

On the other hand, the rCCA is an unsupervised multivariate exploratory approach that 

integrates two datasets (X and Y, respectively of sizes n × p and n × q). This method is known 

as the regularized variant of the primary canonical-correlation analysis (rCCA). rCCA performs 

a dimension reduction in each dataset with the final goal of selecting the variables that 

maximize the correlation between the input matrices (FA and gene-expression). In our case we 

used as input data FA composition (measured by gas chromatography) and muscle 

transcriptomic data (estimated by RNA-Seq) (X and Y, respectively). It is important to note 

that prior to the analysis, it is assumed that the researcher has appropriately normalized and pre-

processed the data sets when applicable. We introduce both matrices in continuous scale, the X 

matrix in relative percentages of FAs and the Y matrix in log2CPM. Consequently, the issue of 
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high dimensionality can be by-passed by introducing regularization into the CCA method. 

Meanwhile, the optimal regularization parameters (λ1and λ2) were estimated and added to the 

diagonal of X and Y respectively to make them invertible. Among the regularization methods, 

we used the shrinkage approach, which allows an analytical calculation of the regularization 

parameters for large-scale correlation matrices. Although rCCA has the advantage of a 

reasonable computation time (about 15-20 minutes), a shortcoming of the shrinkage approach 

is that λ1and λ2 values are calculated independently, i.e., they are not manually tuned as in the 

case of the cross-correlation approach. However, we opted for the shrinkage approach because 

of the experience that the cross-validation approach does not converge with data containing 

more than 10K predictor variables. Also as positive control, we have tested with a smaller data 

set “Case Study: rCCA Nutrimouse” that both methods provide similar results 

(http://mixomics.org/case-studies/rcca-nutrimouse-case-study/).  

 

  

http://mixomics.org/case-studies/rcca-nutrimouse-case-study/
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Chapter 5. Conclusions 

 

1. We identified 81 differentially expressed genes and with an over-representation of the PPAR 

signaling pathway from the LD muscle transcriptome analysis of pigs with extreme values of 

the intramuscular C18:1n-9/C18:0 ratio.  

 

2. Two haplotypes of seven SNPs located in the SCD gene were associated with the C18:1n-

9/C18:0 ratio variation and the SCD gene expression in muscle. However, additional factors or 

other genetic variants are likely involved in the observed differences in the desaturation ratio.  

 

3. The univariate association analysis identified several candidate genes linked to intramuscular 

FA composition in muscle, including well-known (e.g., ACSL1, ELOVL6, ESRRA, FBP1, 

GOT1, LEP, LGALS12, LPL, MDH1, NCOA2, PLIN1, SC5D, and TFRC) and novel candidate 

genes (e.g., TRARG1, TANK, ENSSSCG00000011196, and ENSSSCG00000038429).  

 

4. A multivariate analysis pinpointed a subset of 378 canonical variables (13 FAs and 365 

genes) maximizing the correlation between FAs and expression datasets in pig muscle. The FA-

correlated genes were mainly related to lipid and/or carbohydrate metabolism, meat quality, 

and transport of molecules. 

 

5. Our results derived from integrative and regulatory impact factor analyses showed the 

relevance of six transcription factors (CARHSP1, LBX1, MAFA, PAX7, SIX5, and TADA2A) as 

putative regulators of gene expression and intramuscular FA composition. 
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