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Summary

The pig is an important species in production and research, as pork is one of the most
demanded meats worldwide and pig animal models are key for different research fields such
as gut health, cardiovascular diseases or xenotransplants. Therefore, it is important to
deepen the knowledge of the complex interactions between the gene expression in different

tissues, the gut microbiota and the fatty acid (FA) composition in pigs.

We performed a Weighted Gene Co-expression Network Analysis (WGCNA) and identified
co-expressed gene modules in muscle tissue of a backcrossed Iberian x Duroc pig
population, revealing significant correlations with FA profiles. Notably, two gene modules
were positively correlated with saturated and monounsaturated FAs, and negatively
correlated with polyunsaturated FAs and the omega-6/omega-3 ratio, highlighting pathways
related to insulin and FA biosynthesis. Conversely, another two modules showed positive
correlations with polyunsaturated FAs and omega-6/omega-3 ratio, and negative correlations
with saturated and monounsaturated FAs, linked to pathways involved in adipocytokine

signalling and FA B-oxidation in the mitochondria.

Further, we explored the relationship between the gut microbiota and host metabolism,
particularly the production of short-chain fatty acids (SCFAs) from non-digestible
compounds, and their subsequent accumulation in tissues. Significant associations were
found between bacterial and archaeal genera with FA profiles in rectal content, backfat, and
muscle of Duroc x |berian pigs. Specifically, the abundance of butyric acid was positively
correlated with Prevotella and negatively correlated with Akkermansia, while exhibiting the
inverse relationship between these two genera and the relative abundance of acetic acid.
Additionally, Rikenellaceae RC9 gut group was positively associated with palmitic acid in
muscle and negatively correlated with stearic acid in backfat and oleic acid in muscle,

suggesting the indirect role of the microbiota in modulating FA composition.

Then, we studied the differences between the metagenome and metatranscriptome of Duroc
x |berian pigs with extreme differences in SCFAs content in their rectal content. At genus
level, Clostridium was the most active, despite being third in abundance. The most abundant
genera were Bacteroides and Prevotella, although Treponema was the second most active
genus. In addition, some genera such as Dorea, Dysgonomonas and Butyriciccocus were
more active than abundant. At phylum level, Spirochaetota showed higher expression
activity than expected relative to its abundance. Differential metatranscriptomic analysis

revealed that Clostridium and Lactobacillus species were more active in samples with high
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acetic acid and low propionic acid content. Additionally, Akkermansia glycaniphila was
identified as an acetate producer, while Prevotella copri was more active in high butyric acid
samples, supporting its role in butyrate production via the butyryl-CoA pathway. Functional
analysis highlighted significant expression of spore-related proteins and bacteriophage

activity, such as antB, which can be explained by the harsh conditions of the environment.

Lastly, the liver's crucial role in FA metabolism and its interplay with gut microbiota and
immune function was investigated. We identified several bacterial genera, such as
Agathobaculum, Collinsella, Floccifex, Phascolarctobacterium, SFLAO1 and Streptococcus,
which potentially influence the expression of key liver genes related to energy metabolism.
Genes such as ABCD3, CXCL8, CYP8B1, DEFB1, ELOVL2, FADS2, HMGCS2, MZB1 and
SCD were identified as being modulated by these microbial predictors, suggesting potential

avenues for microbiota-based modulation of gene expression.

In summary, this work provides comprehensive insights into the connections between gene
networks, gut microbiome, and lipid metabolism, offering potential strategies for enhancing

meat quality through targeted genetic and microbial interventions.
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Resumen

El cerdo es una especie importante tanto en producciéon como en investigacion, ya que la
carne de cerdo es una de las mas demandadas en todo el mundo y los modelos animales
porcinos son clave en diversos campos de investigacion como la salud intestinal, las
enfermedades cardiovasculares o los xenotrasplantes. Por lo tanto, es importante
profundizar en el conocimiento de las complejas interacciones entre la expresién génica en
diferentes tejidos, la microbiota intestinal y la composicion de acidos grasos (AGs) en los

cerdos.

Realizamos un analisis de redes de coexpresion génica ponderada (WGCNA) e
identificamos moddulos de genes coexpresados en el tejido muscular de una poblacion de
cerdos Ibérico x Duroc retrocruzada, revelando correlaciones significativas con el perfil de
AGs. Notablemente, dos mddulos génicos se correlacionaron positivamente con acidos
grasos saturados y monoinsaturados, y negativamente con acidos grasos poliinsaturados y
la proporcidon omega-6/omega-3, destacando vias relacionadas con la insulina y la
biosintesis de AGs. Por el contrario, otros dos modulos mostraron correlaciones positivas
con acidos grasos poliinsaturados y la proporcion omega-6/omega-3, y correlaciones
negativas con acidos grasos saturados y monoinsaturados, vinculados a vias involucradas

en la senalizacion de adipocitoquinas y la -oxidacion de acidos grasos en las mitocondrias.

Ademas, exploramos la relacion entre la microbiota intestinal y el metabolismo del huésped,
particularmente la produccion de acidos grasos de cadena corta (AGCCs) a partir de
compuestos no digestibles, y su posterior acumulacion en los tejidos. Se encontraron
asociaciones significativas entre géneros bacterianos y arqueales con los perfiles de AGs en
el contenido rectal, la grasa dorsal y el musculo de los cerdos Duroc x Ibérico.
Especificamente, la abundancia de &acido butirico se correlaciond positivamente con
Prevotella y negativamente con Akkermansia, mientras que mostraba la relacion inversa
entre estos dos géneros y la abundancia relativa de acido acético. Ademas, Rikenellaceae
RC9 se asocié positivamente con el acido palmitico en el musculo y se correlacioné
negativamente con el acido estearico en la grasa dorsal y el acido oleico en el musculo,

sugiriendo el papel indirecto de la microbiota en la modulacién de la composicion de AGs.

Luego, estudiamos las diferencias entre el metagenoma y el metatranscriptoma de cerdos
Duroc x Ibérico con diferencias extremas en el contenido de AGCCs en su contenido rectal.
A nivel de género, Clostridium fue el mas activo, a pesar de ser el tercero en abundancia.

Los géneros mas abundantes fueron Bacteroides y Prevotella, aunque Treponema fue el
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segundo género mas activo. Ademas, algunos géneros como Dorea, Dysgonomonas y
Butyricicoccus fueron mas activos que abundantes. A nivel de filo, Spirochaetota mostré una
actividad de expresion mayor de la esperada en relacion con su abundancia. El analisis
metatranscriptomico diferencial revelé que las especies de Clostridium y Lactobacillus
fueron mas activas en muestras con alto contenido de acido acético y bajo contenido de
acido propidnico. Ademas, se identific6 a Akkermansia glycaniphila como un productor de
acetato, mientras que Prevotella copri fue mas activa en muestras con alto contenido de
acido butirico, respaldando su papel en la produccion de butirato a través de la via de
butiril-CoA. EI analisis funcional destac6 una expresion significativa de proteinas
relacionadas con esporas y actividad de bacteriéfagos, como antB, lo que puede explicarse

por las condiciones adversas del entorno.

Por ultimo, se investigd el papel crucial del higado en el metabolismo de AGs y su
interaccion con la microbiota intestinal y la funcién inmune. Identificamos varios géneros
bacterianos, como Agathobaculum, Collinsella, Floccifex, Phascolarctobacterium, SFLAOT y
Streptococcus, que potencialmente influyen en la expresion de genes clave del higado
relacionados con el metabolismo energético. Genes como ABCD3, CXCL8, CYP8B1,
DEFB1, ELOVL2, FADS2, HMGCS2, MZB1y SCD fueron identificados como modulados por
estos predictores microbianos, sugiriendo posibles vias para la modulacion de la expresién

génica basada en la microbiota.

En resumen, este trabajo proporciona una vision integral de las conexiones entre las redes
génicas, la microbiota intestinal y el metabolismo de los lipidos, ofreciendo estrategias
potenciales para mejorar la calidad de la carne a través de intervenciones genéticas y

microbianas dirigidas.
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Resum

El porc és una espécie important tant en produccié com en investigacid, ja que la carn de
porc és una de les més demandades a tot el mén i els models animals porci sén clau en
diversos camps de recerca com la salut intestinal, les malalties cardiovasculars o els
xenotrasplantaments. Per tant, és important aprofundir en el coneixement de les complexes
interaccions entre l'expressid génica en diferents teixits, la microbiota intestinal i la

composicio d'acids grassos (AGs) en els porcs.

Vam realitzar una analisi de xarxes de coexpressid génica ponderada (WGCNA) i vam
identificar moduls de gens coexpressats en el teixit muscular d'una poblacié de porcs Ibéric
x Duroc retrocreuada, revelant correlacions significatives amb el perfil d’AGs. Notablement,
dos moduls génics es van correlacionar positivament amb acids grassos saturats i
monoinsaturats, i negativament amb acids grassos poliinsaturats i la proporcio
omega-6/omega-3, destacant vies relacionades amb la insulina i la biosintesi d’AGs. Per
contra, altres dos moduls van mostrar correlacions positives amb acids grassos
poliinsaturats i la proporcié omega-6/omega-3, i correlacions negatives amb acids grassos
saturats i monoinsaturats, vinculats a vies involucrades en la senyalitzacié d'adipocitoquines

i la B-oxidacio d'acids grassos en les mitocondries.

A més, vam explorar la relacié entre la microbiota intestinal i el metabolisme de I'hoste,
particularment la produccié d'acids grassos de cadena curta (AGCCs) a partir de compostos
no digeribles, i la seva posterior acumulacié en els teixits. Es van trobar associacions
significatives entre géneres bacterians i arqueals amb els perfils d’AGs en el contingut
rectal, la greix dorsal i el muscul dels porcs Duroc x Ibéric. Especificament, I'abundancia
d'acid butiric es va correlacionar positivament amb Prevotella i negativament amb
Akkermansia, mentre que mostrava la relacid inversa entre aquests dos géneres i
I'abundancia relativa d'acid acétic. A més, Rikenellaceae RC9 es va associar positivament
amb l'acid palmitic en el muscul i es va correlacionar negativament amb l'acid estearic en
greix dorsal i I'acid oleic en el muscul, suggerint el paper indirecte de la microbiota en la

modulacié de la composicié d’AGs.

Després, vam estudiar les diferéncies entre el metagenoma i el metatranscriptoma dels
porcs Duroc x Ibéric amb diferéncies extremes en el contingut de AGCCs en el seu
contingut rectal. A nivell de génere, Clostridium va ser el més actiu, malgrat ser el tercer en
abundancia. Els géneres més abundants van ser Bacteroides i Prevotella, tot i que

Treponema va ser el segon génere més actiu. A meés, alguns géneres com Dorea,
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Dysgonomonas i Butyricicoccus van ser més actius que abundants. A nivell de filum,
Spirochaetota va mostrar una activitat d'expressiéo més gran de l'esperada en relacié amb la
seva abundancia. L'analisi metatranscriptomic diferencial va revelar que les espécies de
Clostridium i Lactobacillus van ser més actives en mostres amb alt contingut d'acid acétic i
baix contingut d'acid propidnic. A més, es va identificar Akkermansia glycaniphila com un
productor d'acetat, mentre que Prevotella copri va ser més activa en mostres amb alt
contingut d'acid butiric, donant suport al seu paper en la produccié de butirat a través de la
via de butiril-CoA. L'analisi funcional va destacar una expressio significativa de proteines
relacionades amb espores i activitat de bacteridfags, com antB, que es pot explicar per les

condicions adverses de |'entorn.

Finalment, es va investigar el paper crucial del fetge en el metabolisme d’AGs i la seva
interaccid amb la microbiota intestinal i la funcié immune. Vam identificar diversos géneres
bacterians, com Agathobaculum, Collinsella, Floccifex, Phascolarctobacterium, SFLAOT i
Streptococcus, que potencialment influeixen en l'expressid de gens clau del fetge
relacionats amb el metabolisme energétic. Gens com ABCD3, CXCL8, CYP8B1, DEFB1,
ELOVL2, FADS2, HMGCS2, MZB1 i SCD van ser identificats com a modulats per aquests
predictors microbians, suggerint possibles vies per a la modulacié de I'expressié génica

basada en la microbiota.

En resum, aquest treball proporciona una visio integral de les connexions entre les xarxes
geniques, la microbiota intestinal i el metabolisme dels lipids, oferint estratégies potencials
per a millorar la qualitat de la carn a través d'intervencions genétiques i microbianes

dirigides.
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content. Samples are coloured depending on their batch, which was taken into account to

choose the high and low animals for each SCFA.

Paper lll. Figure 6. Differential abundance analysis between samples with high and low
acetic acid content. a) MA plot showing the differences in bacterial activity. Species with
log,FC < -1.5 were more active in high-acetic gut samples. Significantly active species
(adjusted p-value < 0.05) are marked in black. b) Volcano plot representing the differentially

expressed KOs. KOs with log2FC < -1.5 were more expressed in high-acetic gut samples.

Paper lll. Figure 7. Differential abundance analysis between samples with high and low
propionic acid content. a) MA plot showing the differences in bacterial activity. Species with
log,FC < -1.5 were more active in high-propionic gut samples. Significantly active species
(adjusted p-value < 0.05) are marked in black. b) Volcano plot representing the differentially
expressed KOs. KOs with log2FC < -1.5 were more expressed in high-propionic gut

samples.

Paper lll. Figure 8. Differential abundance analysis between samples with high and low
butyric acid content. a) MA plot showing the differences in bacterial activity. Species with

log,FC < -1.5 were more active in high-butyric gut samples. Significantly active species
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(adjusted p-value < 0.05) are marked in black. b) Volcano plot representing the differentially

expressed KOs. KOs with log2FC < -1.5 were more expressed in high-butyric gut samples.
Paper IV

Paper IV. Figure 1. Pearson correlation results. Significance threshold was set at an
adjusted p-value < 0.05. For visualisation purposes, we only included the gene expressions

and genera abundances that had at least one significant correlation.

Paper IV. Figure 2. Circular plot of the rCCA results. For visualisation purposes, we
established a 0.2 cut-off to keep the more relevant genes (n = 203, represented in orange)

and genera (n = 105, represented in blue).

Paper IV. Figure 3. Correlation network of the rCCA results. We filtered the expressed
genes by lipid metabolism, energy metabolism and immunity based on the functional
annotation analysis with DAVID and established a 0.15 cut-off to keep the more relevant
genes (n = 32, represented as orange squared nodes) and genera (n = 31, represented as
blue round nodes with a different size depending on their relative abundance). Green edges

indicate positive relationships, while negative relationships are marked by magenta edges.
General discussion

Figure 4.1. Relative abundance (%) barplot of the main bacterial and archaeal phyla in the
two studied populations. Phyla with a relative abundance lower than 1% have been grouped
as “Other”. Light pink colour represents the samples taken from Duroc piglets and analysed
with Greengenes2 (GG2), while the dark red colour represents the Duroc X Iberian

crossbred pigs analysed with SILVA138.

Figure 4.2. Relative abundance (%) barplot of the main bacterial and archaeal genera in the
two studied populations. Genera with a relative abundance lower than 1% have been
grouped as “Other”. Light pink colour represents the samples taken from Duroc piglets and
analysed with Greengenes2 (GG2), while the dark red colour represents the Duroc x Iberian

crossbred pigs analysed with SILVA138.

Figure 4.3. Relative abundance (%) barplot of the main bacterial and archaeal phyla based
on the analysis in the crossbred Duroc x Iberian population. Phyla with a relative

abundance/activity lower than 1% were grouped as “Other”.
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Annexes: Paper |
Supplementary Figure S1. Co-expression networks of relevant modules. Edges in green

show positive relationships and edges in red show negative relationships. a) Yellow module.
b) Green module. ¢) Brown module.

23






List of publications

The present thesis is based on the work contained in the list of articles below:

Paper 1. Sebastia, C., Gallopin, M., Ramayo-Caldas, Y., Estelle, J,
Valdés-Hernandez, J., Castello, A., Sanchez, A., Crespo-Piazuelo, D., and Folch,
J.M. (2023) ‘Gene co-expression network analysis for porcine intramuscular fatty acid

composition’. animal: The international journal of animal biosciences (submitted)

Paper Il. Sebastia, C., Folch, J.M., Ballester, M., Estellé, J., Passols, M., Mufioz, M.,
Garcia-Casco, J.M., Fernandez, A.l., Castello, A., Sanchez, A., and
Crespo-Piazuelo, D. (2024) ‘Interrelation between gut microbiota, SCFA, and fatty
acid composition in pigs’. mSystems, 9(1), p. e01049-23.

Paper lll. Sebastia, C., Folch, J.M., Estellé, J., ... Castelld, A., Sanchez, A., and
Crespo-Piazuelo, D. (2024) ‘Metagenomic and metatranscriptomic comparison of the

pig gut microbiota’. (in preparation)

Paper IV. Sebastia, C., Crespo-Piazuelo, D., Ramayo-Caldas, Y., Ballester, M., Liu,
J., Llobet-Cabau, F., Castello, A., and Folch, J.M. (2024) ‘Gut microbial genera as

predictors of liver gene expression in pigs’. (in preparation)

25



Related publications

(Not included in the thesis.) The author also appears in the following publications:

26

Valdés-Hernandez, J., Ramayo-Caldas, Y., Passols, M., Sebastia, C., Criado-Mesas,
L., Crespo-Piazuelo, D., Esteve-Codina, A., Castelld, A., Sanchez, A., and Folch,
J.M. (2023) ‘Global analysis of the association between pig muscle fatty acid
composition and gene expression using RNA-Seq’. Scientific Reports, 13(1), p. 535.
Ramayo-Caldas, Y., Crespo-Piazuelo, D., Morata, J., Gonzalez, O., Sebastia, C.,
Castelld, A., Dalmau, A., Ramos-Onsins, S., Alexiou, K., Folch, J.M., Quintanilla, R.,
Ballester, M., and Gil, R. (2023). ‘Copy number variation on ABCC2-DNMBP loci
affects the diversity and composition of the fecal microbiota in pigs’. Microbiology
Spectrum, 11(4), p. e05271-22.

Passols, M., Llobet-Cabau, F., Sebastia, C., Castelld, A., Valdés-Hernandez, J.,
Criado-Mesas, L., Sanchez, A., and Folch, J.M. (2023). ‘Identification of genomic
regions, genetic variants and gene networks regulating candidate genes for lipid
metabolism in pig muscle’. animal, 17(12), p. 101033.

Valdés-Hernandez, J., Folch, J.M., Crespo-Piazuelo, D., Passols, M., Sebastia, C.,
Criado-Mesas, L., Castello, A., Sanchez, A., and Ramayo-Caldas, Y. (2024).
Identification of candidate regulatory genes for intramuscular fatty acid composition in

pigs by transcriptome analysis. Genet Sel Evol, 56(12).



1. General introduction






General introduction

1.1. Pig: origins, production, physiology

1.1.1. Pig domestication

Nowadays, the domestic pig species is highly interrelated with human daily life, particularly
as an important source of meat, but also as a model species for research in human
physiology, diseases or xenotransplants (Lunney et al., 2021). The predator-prey relation
between wild boars and humans shifted ten thousand years ago, when the domestication of
pigs began mainly in the Crescent Fertile and in China. Around three thousand years later,
domestic pigs were initially introduced to Europe from the Near East through the Danubian
and Mediterranean corridors, but they were replaced by their European relatives in a short

period of time (Amills et al., 2010; Ramos-Onsins et al., 2014).

The development of different breeds, however, started millennia after the initial stages of
domestication. During the Industrial Revolution, in the 18th century in Europe, there was an
increase in meat consumption and demand, which caused the start of phenotypic selection
for pig breeds, markedly in Britain (White, 2011). Even after improving the desired traits by
crossbreeding with other breeds, including those from distant origins such as China (Giuffra
et al.,, 2000), the European breeds remained well differentiated. This specialisation
intensified with the development of modern genetics in the 20th century, which enabled a
strong selection of the animals for different production traits including carcass weight, lean
content or prolificacy (Mufioz et al., 2018; Poklukar et al., 2023). Consequently, modern pig
breeds became highly specialised and its production increased considerably. Genetic
analyses also revealed different signatures of selection of the domestic pig, providing
molecular evidence of the selection process that the species has undergone (Rubin et al.,
2012).

The animal material used on this thesis belonged to two different European breeds with very

different levels of selection and specialisation: the Iberian and Duroc pig breeds.

The Iberian pig is a rustic breed from the Iberian Peninsula, characterised by a slow growth
and high fat deposition, both subcutaneous and intramuscular. The fat composition of this
breed has a characteristic higher content in oleic acid (C18:1n-9) than the rest of the
commercial breeds, a trait that is influenced by its own genetics and the extensive rearing
conditions, which usually includes an acorn-rich diet. This characteristic fat composition and
the rest of the organoleptic qualities of the Iberian pork are very appreciated by consumers
and the meat industry, where it is used for high-quality dry-cured products such as ham
(Lépez-Bote, 1998; Nieto et al., 2019).
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Conversely, Duroc pigs are a relatively modern breed that has been intensely selected for
over a century and has produced different lines depending on the country of breeding. They
are characterised by a high resilience and an excellent growth rate, which makes them a
good choice to be used as parental lines in crossbreeding. Furthermore, Duroc pigs have a
higher rate of intramuscular fat deposition compared to other commercial breeds (e.g. Large
White, Landrace, and Piétrain), making them the ideal parental line for the Iberian sows to
enhance the growth performance of their offspring, while still obtaining high quality fresh and

dry-cured crossbred products.

1.1.2. Pig meat production

Pork is one of the most produced and consumed meats in the world, along with chicken and,
to a lesser extent, beef. As of the most recent data available from FAOSTAT (2022),
worldwide pork production reached more than 120 million tons. Pork was the most produced

meat in the world until 2018, when it was surpassed by chicken, as illustrated in Figure 1.1.

China is the biggest pork producer with more than 55 million tons in 2022, followed by the
United States and Brazil. Spain is the fourth producer in the world and the first one in
Europe. Germany was also one of the biggest producers in the last three decades, but it has
decreased its production since 2016 (FAOSTAT, 2024).

Among the regions within Spain, Catalonia stands as one of the regions that has a major
production and herd heads. Aragon and Catalonia account for more than 50% of the total
herd heads in Spain, mostly commercial lines of lean breeds reared in intensive conditions
(Ministerio de Agricultura, Pesca y Alimentacion (MAPA), 2022).
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Figure 1.1. Worldwide meat production of four of the main livestock species for the last thirty
years (FAOSTAT, 2024).

In the last few years, the production of the Iberian breed has increased since the start of its
conservation program in the 1980s. This program was created to preserve the genetic
diversity and reevaluate the breed as a high-quality meat producer (Nieto et al., 2019). The
majority of Iberian pigs are bred in the West of Spain, as it is an autochthonous breed of the
Iberian Peninsula. Regions such as Extremadura have extensions of oak holms known as
“‘dehesas”, where |berian pigs can be reared in extensive conditions and feed on acorns, a
special aspect of production that gives a high-quality final product based on fatty acid profile
(Nieto et al., 2019).

1.1.3. Pig meat quality

Meat quality is a complex trait influenced by numerous factors. While these factors depend
on consumer perception, some of them can be objectively quantified, whereas others are
subjective and rely on the consumer preferences. Therefore, these factors can be

categorised into:

e Nutritional value and healthiness: determined by the composition of lean and fat
content in the meat. Intramuscular fat content and its fatty acid profile are a key point
for both factors (Scollan et al., 2017). Over the past decades, consumer preference

has shifted from lean pork with low intramuscular fat content towards pork with higher
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fat content that contains the minimum amount of detrimental fatty acids for human
health.

Sensory aspects: such as juiciness, texture, taste and aroma. As these aspects are
subjectively perceived by the consumer, preferences vary depending on each
individual as well as the country, due to cultural and regional preferences, availability,
and product marketing. In recent years, there has been a noticeable shift in
preferences towards pork that not only reflects health and nutrition awareness, but
also takes into account its sensory aspects. Consumer preference has switched from
lean pork with minimal fat content, often perceived as less flavourful and juicy,
towards a more palatable meat (Aaslyng et al., 2007; Font-i-Furnols & Guerrero,
2014).

Food safety: ensuring the absence of pathogens and pharmaceutical products such
as hormones or antibiotics is an important aspect for food safety, which is highly
regulated in Europe. In 2006, the European Union banned the use of antibiotics as
growth promoters and restricted their usage. Nowadays, antibiotics can only be
administered with a veterinary prescription to lower the risk of developing
antimicrobial resistances (Maron et al., 2013; Schmerold et al., 2023). Although the
two previous points, nutritional and organoleptic properties, have greatly influenced
pig breeding programs, there has been an increasing focus on food safety,

developing new strategies to breed resilient pigs (Ballester et al., 2020).

1.1.3.1. Fatty acid composition

The fat content, especially intramuscular fat, and its composition are critical factors in

defining meat quality. Variations in the length and degree of unsaturation of fatty acids

influence their melting points, which affects some sensory aspects of meat such as

tenderness or colour (Maw et al., 2003; J. D. Wood et al., 2008). Based on the carbon chain

length, fatty acids can be divided in:
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Medium-chain fatty acids (MCFAs): from six to 12 carbons.
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Very long-chain fatty acids (VLCFAs): 22 or more carbons.
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As previously mentioned, the level of saturation (i.e., the number of double bonds in the
carbon chain) also influences the melting point, which increases with a higher number of

double bonds. Additionally, the saturation level confers different properties to the meat:

e Saturated fatty acids (SFAs): do not present carbon-carbon double bonds in the
carbon chain. SFAs have been related with cardiovascular diseases in the consumer
due to their role in elevating cholesterol and low-density lipoprotein levels in blood
(Hammad et al., 2016).

e Monounsaturated fatty acids (MUFAs): only present one carbon-carbon double bond
that can be located at different positions along the chain, resulting in varying
properties of the fatty acid. MUFAs, mainly represented by the oleic acid (C18:1n-9),
are associated with positive sensory traits of the meat (Benet et al., 2015). In
addition, these fatty acids are related with positive health effects as they reduce the
metabolic syndrome and the cardiovascular disease risk (Gillingham et al., 2011).

Iberian pork has a particularly high content in oleic acid.

e Polyunsaturated fatty acids (PUFAs): contain two or more carbon-carbon double
bonds. PUFAs are named based on the position of the first double bond, which
imparts distinct properties to the fatty acid. Omega-3 and omega-6 PUFAs are
noteworthy examples, with omega-3 having anti-inflammatory properties and
omega-6 showing pro-inflammatory effects (Marion-Letellier et al., 2015; J. D. Wood
et al.,, 2008). In addition, PUFAs are more susceptible to oxidation, leading to

rancidity in meat and affecting its sensory attributes (J. D. Wood et al., 2008).

1.1.4. Fatty acid metabolism

Fatty acids belong to the category of lipids, which are classified as biomolecules along with
carbohydrates, proteins and nucleic acids. In addition to fatty acids, the lipids category is
composed of phospholipids, glycerides, sterols, waxes, and liposoluble vitamins (A, D, E and
K). Lipids have various and essential functions within living organisms. They can be found as
structural components of cell membranes or as energy storage, but also act as regulators of
different metabolic pathways and physiological processes. The bioactive lipids called
lipokines are able to establish cellular communications (Kumar et al., 2019). Thus, lipids play

important roles in maintaining homeostasis and cellular function.

1.1.4.1. Fatty acid biosynthesis

Animals obtain their fatty acids through dietary intake or de novo synthesis, mainly in the

liver and adipose tissue. In pigs, the main organ for de novo biosynthesis is the adipose
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tissue (O'Hea & Leveille, 1969), while the liver is key for PUFAs and cholesterol production
(Smink et al., 2012). However, in other animals, the liver is the primary site for de novo
biosynthesis. The biosynthesis of fatty acids occurs when the animal is in the fed state,
which means it has an energy supply, and the excess can be converted and stored as fatty

acids.

Short-chain fatty acids may be obtained via the transformation of acetyl-CoA and
malonyl-CoA into acetyl-ACP and malonyl-ACP, respectively. The FASN gene encodes for
the fatty acid synthase (FAS), which is a key element in de novo fatty acid biosynthesis as it
elongates acetyl- and malonyl-ACP by two carbons and the subsequent saturated fatty acids
until the production of palmitate (C16:0). Additionally, the gut microbiota produces SCFAs as
metabolites, which can either be utilised by other microorganisms or absorbed and

integrated into the host metabolism (Zeng et al., 2023).

Different elongases (ELOVLs) and desaturases (SCDs and FADSs) convert saturated fatty
acids into longer chain or unsaturated fatty acids, respectively. ELOVLs catalyse the first
step of the elongation reactions, with ELOVL1, 3, 6 and 7 using saturated and
monounsaturated fatty acids as substrate, while ELOVL2, 4 and 5 elongate polyunsaturated
fatty acids. Desaturases introduce double bonds between carbons, thereby changing the
level of saturation of the fatty acids and their properties. Stearoyl-CoA desaturases (SCDs)
introduce a double bond at the 9th position, while the fatty acid desaturases (FADSs) work at
the 5th or 6th positions, counting from the carboxylic acid end (Guillou et al., 2010).
Depending on the position of the first unsaturation, fatty acids are categorised into omega-3,
omega-6, omega-7, or omega-9 families (Guillou et al., 2010). In animals, linoleic acid
(C18:2n-6) and a-linolenic acid (C18:3n-3) are the initial molecules of the omega-6 and
omega-3 families, respectively, and are considered essential FAs, as they cannot be
endogenously synthesised and must be obtained through dietary sources (Das, 2006). A

diagram of the de novo biosynthesis with the involved enzymes can be seen in Figure 1.2.
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Figure 1.2. Fatty acid biosynthesis in animals. Adapted from (Guillou et al., 2010; Naudi et
al., 2013).

1.1.4.2. Fatty acid B-oxidation

When the animal is in a fasting period, the energy supply is obtained from the stored fatty
acids. The breakdown of FAs occurs predominantly through B-oxidation in the mitochondria,
where fatty acyl-CoA molecules undergo a cycle of four steps that sequentially cleaves off
two carbons, as shown in Figure 1.3. The acetyl-CoA molecules obtained enter the
tricarboxylic acid (TCA) cycle, also known as Krebs cycle, where they undergo further

oxidation to produce ATP, the primary energy source of the cell.

The SCFAs play a regulatory role in this metabolic pathway, as they can stimulate the FA
oxidation and are also used as substrates in ATP generation. Specifically, butyrate can be
converted into acetyl-CoA and enter the Krebs cycle. Acetyl-CoA, in turn, can also generate
acetate during fatty acid oxidation in peroxisomes (Beauvieux et al., 2001; Yamashita et al.,
2001).
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Figure 1.3. Fatty acid ($-oxidation in the mitochondria. Adapted from (Abegaz et al., 2021;
Sharpe & McKenzie, 2018).
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1.2. Gut microbiota

1.2.1. Micro-concepts

According to Marchesi and Ravel, the microbiota can be defined as a population of
microorganisms, including bacteria, archaea, viruses and lower and higher eukaryotes. The
collection of all genomes of a microbial population is then termed as metagenome, wherein
the concept of microbiome, in turn, encompasses not only all the microorganisms, but also

their genomes and the environmental conditions (Marchesi & Ravel, 2015).

Microbial populations can be found everywhere, in the environment or in living beings, where
they colonise the skin, the mucosal cavities and the gut. These microbial populations, in a
healthy status, co-exist in symbiosis with the host and establish deep and complex
relationships, even though some of them can be pathogenic or opportunistic species and
harm the host (Afzaal et al., 2022; Fouhse et al., 2016; Patil et al., 2020). This profound level
of interaction has recently spread the use of the term ‘holobiont’ to refer to both the host

organism and its associated microbial community (Simon et al., 2019).

1.2.2. Gut microbiota and the host

The gut microbiota produces a diverse variety of metabolites that act as a source of energy
or molecules, which can be incorporated into the host metabolism, consequently influencing
growth, productivity and overall performance in production animals such as dairy cattle
(Wallace et al., 2019), chicken (Crisol-Martinez et al., 2017) or pigs (Han et al., 2017; H.
Yang et al., 2016). Moreover, the gut microbiome plays a vital role in maintaining host health
by modulating immune function, as any perturbation in microbial composition (dysbiosis) can
be detrimental for the animal (Patil et al., 2020). In addition to the health issues, potentially
pathogenic microorganisms reduce the productivity of the host (Mach et al., 2015; H. Yang et
al., 2016).

The composition of the gut microbiota, however, is dynamic and changes depending on

different factors:

e Diet: among other traits, the amount and source of fibre in the diet modulate
microbial composition. A diet rich in fibre promotes the abundance of beneficial
bacteria, such as Lactobacillus or Bifidobacteria (R. Hu et al., 2023).

e Age: the microbial diversity and composition of the gut microbiota differ throughout
the ageing stages. Before weaning, the diversity is lower, and the bacterial profile is

oriented towards a milk-based diet. This profile changes drastically during weaning.
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In pigs, this process occurs at 3-4 weeks of life, and piglets become more susceptible
to dysbiosis and infections. Even though some bacterial genera such as Treponema
have a relatively stable abundance, other genera like Bacillus, Lactobacillus,
Bacteroides and Escherichia are more abundant in the first 40 days of age, while
Clostridium decreases its abundance after weaning and increases in the finishing
period, following an opposite trend to Prevotella (Luo et al., 2022).

e |Intestinal region: the abundance and diversity of microorganisms are lower in the
small intestine, where Firmicutes and Proteobacteria are the predominant phyla. In
the colon, both the abundance and diversity of the microbiota increase, with
Proteobacteria reducing their presence and Bacteroidota (formerly known as
Bacteroidetes) showing a higher prevalence (Crespo-Piazuelo et al., 2018; W. Zhao
et al., 2015).

e Host genome: the presence and abundance of some microbial species are
influenced by the host genome, with a wide range of heritability values. In the
literature, the species that show higher heritability values usually belong to the

Firmicutes phylum (Bergamaschi et al., 2020; Camarinha-Silva et al., 2017).

Despite the different factors that affect the microbial composition of the gut, this composition
can be used as a predictor of growth traits (Camarinha-Silva et al., 2017; Khanal et al., 2020;
Maltecca et al., 2019). Specifically, in pigs, some bacterial genera such as Bifidobacterium,
Lactobacillus, Roseburia or Prevotella have been positively related with production traits like
body weight, average daily gain or feed conversion ratio (Mach et al., 2015; McCormack et
al., 2017; Ramayo-Caldas et al., 2016; C. Wang et al., 2018). These genera produce lactate
or SCFAs (acetate, propionate and/or butyrate), which have an important role in gut health

and metabolism.

Some of the previous genera can be considered part of the “core” microbiota, a term that is
used when the taxon is found in over 90% of the samples. However, defining a “core”
microbiota is challenging due to its dynamic composition throughout the lifespan of the
animal, and the presence of a taxon is not guaranteed in every sample (Dong et al., 2023;
Holman et al., 2017).

The localization within the gastrointestinal tract plays a key role, with different microbial
phyla dominating the small intestine versus the colon. The small intestine is primarily
dominated by Firmicutes, represented by abundant genera such as Lactobacillus and
Clostridium, and Proteobacteria. In colon, Firmicutes and Proteobacteria reduce their
abundance while Bacteroidota increases, predominantly represented by Prevotella. Overall,

Firmicutes and Bacteroidota appear as the most abundant phyla, followed by Proteobacteria
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(Crespo-Piazuelo et al., 2018; Holman et al., 2017). The meta-analysis from Holman and
colleagues found the genera Lactobacillus, Clostridium, Prevotella, Ruminococcus, Blautia,
Roseburia, Subdoligranulum, and the RC9 gut group from the Rikenellaceae family, present
in more than the 90% of the samples, thus defining them as the core microbiota, with
Prevotella being found as the most abundant genus. Notably, a further meta-analysis
performed by Dong and colleagues (Dong et al., 2023) in pigs of a wider variety of stages of
life, identified twenty-four genera appearing in more than the 90% of the samples, but
Prevotella was notably absent. This difference could be attributed to the inclusion of samples
from suckling animals, where Prevotella is not part of the core microbiota in the early days of
life. This genus increases its abundance and reaches a peak between weaning and the early
growth stages before declining. However, other studies such as from Luo and colleagues
(Luo et al.,, 2022) report Prevotella as part of the core microbiota despite its lesser

prevalence in lactating piglets.

1.2.3. SCFA as microbiota metabolites

SCFAs are mainly produced by microbial fermentation of non-digestible polysaccharides
within the gut (G. T. Macfarlane & Macfarlane, 2012). Acetate, propionate, and butyrate
represent the most prevalent SCFAs in the gut milieu. These volatile fatty acids serve as an
energy source for other microorganisms, or are incorporated into the host metabolism,
where they play diverse roles that contribute to enhance the feed efficiency, boost the
immune response, and regulate the lipid metabolism, among other functions (Liu et al.,
2022; Vasquez et al., 2022).

1.2.3.1. Acetate

Acetate is the most abundant SCFA in the hindgut, originating from the fermentation of
dietary fibre or through cross-feeding of metabolites like lactate by different bacteria
(Brestensky et al., 2017). When the acetate is obtained from the degradation of
polysaccharides, these molecules undergo enzymatic transformations within either the
glycolytic or the pentose phosphate pathways, where phosphoenolpyruvate is produced,
which subsequently undergoes conversion into acetyl-CoA. Acetyl-CoA can be further
metabolised into acetate or butyrate, while pyruvate may derive into propionate or lactate (S.
Macfarlane & Macfarlane, 2003).

In addition to becoming an energy source for other microorganisms, acetate assumes roles

within the host metabolism, particularly as a precursor for cholesterol and fatty acid
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synthesis. Acetate enters the host bloodstream, where it is integrated into the animal

metabolic pathways and contributes to different physiological processes.

1.2.3.2. Propionate

Propionate is produced primarily by the fermentation of dietary fibres. It is formed by the
decarboxylation of succinate, which in turn is produced by the pyruvate resulting from the
glycolytic or the pentose phosphate pathways (S. Macfarlane & Macfarlane, 2003). This
SCFA is predominantly synthesised by bacteria from the phylum Bacteroidota, but also
Akkermansia muciniphila, which is a Verrucomicrobiota that also produces acetate (Parada

Venegas et al., 2019).

Propionate improves lipid metabolism (K. Yu et al., 2019) and enhances immune response
(Y. Zhang et al., 2019).

1.2.3.3. Butyrate

Butyrate can be synthesised by acetate and lactate, but also by amino acids or
carbohydrates. This SCFA is produced by certain families from the Clostridiales order,
including Lachnospiraceae (Coprococcus, Eubacterium, Anaerostipes and Roseburia),
Ruminococcaceae (Faecalibacterium and Subdoligranulum) and Erysipelotrichaceae
(Holdemanella) (Louis et al., 2014; Louis & Flint, 2009), as well as by different genera such
as Clostridium, Blautia, Lachnoclostridium, Oscillibacter and others (Martin-Gallausiaux et
al., 2021).

Functionally, butyrate serves as an energy source for colonocytes, enhances its proliferation
and reduces apoptosis (Bartholome et al., 2004; Kien et al., 2007). In addition, it plays a
pivotal role in enhancing immunity and reducing inflammation, contributing to the

maintenance of gut health (C. L. Fang et al., 2014; Zeng et al., 2013).
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1.3. Omes and omics

The suffix “-omes” denotes a collective of constituents, whereas “-omics” represents the
scientific discipline dedicated to the study of these “-omes”. For example, the complete set of

genes of an individual comprises its genome, which is studied through genomics.

The genes and other regulatory elements of the genome play an important role in shaping
the phenotype, yet there are multiple steps between the genetic information and the final
phenotype. The genome and the phenotype have an indirect relationship and the phenotype
is affected by other biological processes that are connected between them. In addition, the
environment affects the phenotype and previous steps such as the epigenetic modifications
or the microbial composition, which is heavily determined by environmental conditions. A

diagram of these relationships is shown in Figure 1.4.

Genome
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Transcriptome

)

Proteome
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Figure 1.4. Relationships between the different omes that end up defining the phenotype.
Adapted from (Varona, 2017).

1.3.1. Sequencing technologies

In the seventies, the first sequencing methods were developed. Sanger technique was
published in 1977 and it became the preferred method to sequence DNA for almost three
decades (Sanger et al., 1977). During the following decades, the process was automated
and the sequencing of genomes of different species became a priority. The Human Genome

Project was created in 1990, but the first draft of the human genome was published after
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over a decade of research, in 2001. The final human genome was published in 2004
(International Human Genome Sequencing Consortium, 2004). In the meantime, many
important species had their genomes sequenced and published, starting with the yeast
Saccharomyces cerevisiae in 1996 (Goffeau et al., 1996). In 1998, the first genome of an
animal, Caenorhabditis elegans, was published (The C. elegans Sequencing Consortium,
1998), while the mouse genome was published in 2002 (Mouse Genome Sequencing
Consortium et al., 2002).

The advent of next-generation sequencing (NGS) marked a milestone in the field of
genomics, being faster and having a better performance than the traditional Sanger
sequencing methods. The first NGS method was commercialised in 2005 by 454 Life
Sciences, nowadays known as Roche (Margulies et al., 2005), shortly after the publication of
the first human genome. This technology allowed the launching of the 1000 Genomes
Project, which was able to sequence thousands of genomes and characterise human
variability (Siva, 2008). In pigs, genome sequencing started with the creation of the Swine
Genome Sequencing Consortium (SGSC) in 2003 (Schook et al., 2005), which used first
Sanger sequencing and was completed with NGS data obtained with lllumina, allowing the

publication of the first draft genome in 2012 (Groenen et al., 2012).

NGS technologies addressed several limitations of Sanger sequencing. By operating in a
cell-free system and removing the need for bacterial cloning of the DNA, NGS platforms
such as Illumina or lon Torrent enabled high-throughput sequencing with parallel processing
of numerous reactions simultaneously. Moreover, the direct detection of sequencing output
eliminated the need for electrophoresis previously required for base interrogation (T. Hu et
al., 2021).

Despite the advantages of NGS, one of their main drawbacks at the time was the generation
of short reads, which needed new alignment methods for genome assembly. The release of
the PacBio RS sequencer in 2011 marked a significant advancement (Eid et al., 2009).
Using Single-Molecule Real-Time (SMRT) sequencing, PacBio produced longer reads.
Shortly thereafter, Oxford Nanopore Technologies (ONT) released the MinlON, and these
two events marked the beginning of the third-generation sequencing (TGS) technologies or

long-read sequencing technologies (Jain et al., 2015, 2016).

TGS platforms, characterised by real-time single-molecule sequencing (SMS), have
emerged as invaluable tools for transcriptomics analyses, particularly for
whole-transcriptomic analysis as they do not need specialised assembly bioinformatic tools
(Athanasopoulou et al., 2021). Despite lower accuracy and higher costs compared to NGS,

TGS technologies have seen improvements in error rates with the release of newer
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instruments such as the PacBio Sequel lle System or the PromethlON from ONT, which

recently has released the second version. Table 1.1 shows the main sequencing platforms

and their advantages and drawbacks.

Table 1.1. Advantages and drawbacks of the main sequencing platforms.

Sequencing Sequencers Platforms How it works Advantages Drawbacks
generation
NGS Roche 454 454 GS Pyrosequencing First NGS: High error
Junior, 454  (pyrophosphate high rates
GS FLX+... luminescence throughput (homopolym
marks when a compared to  ers), high
nucleotide is Sanger, fast  cost
incorporated) run time
lllumina MiSeq™, Sequencing by  High Short reads,
NextSeq, synthesis, accuracy expensive,
Hiseq... fluorescently long
labelled turnaround
deoxynucleosid time
e triphosphates
lon Torrent lon PGM™  Sequencing by  Fast run Short reads,
(by Thermo  Torrent, lon synthesis, time homopolyme
Fisher) S8™... detection of r errors
hydrogen ions
TGS Pacific Sequel, Sequencing by Longreads  Expensive,
Biosciences RSII... synthesis variable
(PacBio) (SMRTbell accuracy,
replication) long
turnaround
time
Oxford MinlON™,  Changes in Long reads, Low
Nanopore GridION, current as the cheaper, accuracy
PromethlO  molecule short
N, passes through  turnaround
VoITRAX... the nanopore time

Adapted from (PacBio, 2020; Petersen et al., 2019).

The choice of technology in omics studies depends on the specific level. Broadly, genomics

and

metagenomics  will

need

DNA

sequencing,

while

transcriptomics

and

metatranscriptomics use RNA sequencing. Other omics work in a different way, as listed in

Table 1.2.
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Table 1.2. Omics definition and sequencing technologies.

Omics

Genomics

Epigenomics

Transcriptomics

Proteomics

44

Definition

Investigates the structure
and function of the
genome, encompassing
the entire complement of
an organism’s genetic

material

Explores the chemical
modifications undergone
by the genome, the
chromatin structure, the
conformational changes,
and the interaction with

associated proteins

Focuses on the dynamic
expression levels of the
different genes. The gene
expression depends on

the time and tissue

Evaluates the produced
proteins in a qualitative

and quantitative way

Technologies

DNA sequencing techniques such as
whole-genome or whole-exome
sequencing are utilised to study the
genome. Whole-genome sequencing
analyses the complete genome of the
individual, while whole-exome sequencing
focuses specifically on the exonic regions.
High-density genotyping is another

technique used in genomics

Chromatin immunoprecipitation
(ChlP-Seq) is a key technology in
epigenomics, allowing the analysis of
chromatin structure and DNA accessibility.
This technique allows the identification of
DNA binding sites for transcription factors
and other proteins, as well as the analysis
of the histone methylation and acetylation.
Bisulfite sequencing is another highly used
method in epigenomics. Other methods of
analysis are DNase-Seq, 3C and 4C, HiC
and ATAC-Seq

RNA sequencing (RNA-Seq) is the primary
method for studying the transcriptome,
over microarrays, high-throughput
RT-gqPCR or single-cell transcriptome

analysis

Tandem mass spectrometry is commonly
used to identify and characterise the
proteins of an organism, considering their
structure, functions, interactions and

modifications



Lipidomics Studies the produced
lipids in a qualitative and

quantitative way

Metabolomics Analyses the qualitative
or quantitative variations

in metabolite production

Microbiomics Studies the microbiota,
their genomes and the
environmental conditions.
Microorganisms are

affecting host phenotype

Phenomics Studies the observable

traits of an organism

General introduction

Mass spectrometry is used frequently
combined with other technologies such as

gas chromatography or HPLC

Gas chromatography, mass spectrometry,
or nuclear magnetic resonance allow the
analysis of the metabolites. These
techniques inform about the biochemical
activity of the individual and are related

with phenotypic traits

A widely used method to study the
microbiome is the 16S rRNA gene
analysis, which analyses the
hyper-variable regions of this gene,
allowing the identification of the
microorganisms. Whole-metagenome or
whole-metatranscriptome analysis offer
deeper and more accurate results, being

more expensive options

Phenotypic traits are analysed using
diverse methods depending on the trait of
interest, with the goal of analysing the
highest number of traits easily and in a
reduced time. In production animals,
image or video analysis-based systems
are used for traits such as water and feed
consumption, growth or environmental
conditions. Ultrasound are used for lean
content and carcass quality, and digital
imaging techniques can be employed for

pig leg conformation

This thesis is focused on the study of pig transcriptomics and microbiomics, so the following

sections explain in further detail about these disciplines.
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1.3.2. Transcriptomics

The transcriptome can be defined as the set of all transcribed RNAs of a cell or a tissue.
RNA molecules derive from DNA through transcription, which is regulated by different
mechanisms such as epigenetics. Therefore, the transcriptome is different depending on the
tissue, stage of life, and other conditions such as environment or disease. There are different
types of RNA molecules, which have different functions within the cell, but the messenger
RNA (mRNA) is the one that encodes the translation for amino acids that will constitute the

proteins.

Transcriptome analysis has been widely employed in farm animals to evaluate the
relationship between gene expression and productive traits such as growth and fat
composition. In pigs, the fatty acid profile of intramuscular fat is crucial as it confers various
properties related with meat quality. Therefore, elucidating the genes involved in this
composition enables better selection of animals (T. Yu et al., 2023). Our research group has
studied the porcine muscle transcriptome over the years in populations with different genetic
backgrounds. The expression genome-wide association studies (eGWASs), which relate
gene expression quantification with the genotype of single nucleotide polymorphisms (SNPs)
distributed along the genome, have been utilised to locate eQTLs for traits of interest and to
detect variants that may influence gene expression. Additionally, this method helps identify
candidate genes that regulate different traits, listed in Table 1.3 (Corominas,
Ramayo-Caldas, Puig-Oliveras, Estellé, et al., 2013; Criado-Mesas et al., 2020; Passols et
al., 2023; Puig-Oliveras et al., 2016; Ramayo-Caldas et al., 2012).

Table 1.3. Main candidate genes found related with meat quality and involved in lipid

metabolism.
Gene Trait Reference
IGF2 Muscle growth, fat (Criado-Mesas et al., 2019;
deposition and carcass Estellé et al., 2005; Laere et
weight al., 2003)
ELOVL6 Percentage of palmitic and (Corominas,
palmitoleic acids in muscle Ramayo-Caldas,
and backfat Puig-Oliveras,
Pérez-Montarelo, et al.,
2013)
FABP4 and FABP5 FA deposition and growth (Estellé et al., 2006; Ojeda
et al., 2006)
SCD MUFA content (Estany et al., 2014)
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Nowadays, transcriptome analysis is mainly carried out by RNA-Seq, which can be divided
into Whole Transcriptome Sequencing, mRNA sequencing or small RNA sequencing. As it
analyses the transcribed RNA, it is useful for functional genomic studies (e.g. differential

gene expression, alternative splicing, and variant discovery) (Mutz et al., 2013).

In order to analyse the transcriptome with RNA-Seq, RNA-Seq libraries must be prepared.
The tissue to be analysed is lysed, the RNA is extracted, and the quality and quantity of that
RNA are then assessed. RNA-Seq libraries are generated by selecting mRNA and
converting it to cDNA through reverse transcription. The cDNA is fragmented, and adapters
are added for sequencing. This material is then amplified by PCR and purified to be

sequenced (Hrdlickova et al., 2017).

After the sequencing process, the bioinformatic analysis of RNA-Seq data can be divided in

three main stages:

1. Base calling. This step is carried out by the sequencing instrument, which also
conducts preliminary quality control. At this point, quality control is based on read
filtering and trimming, and all the information is stored in FASTQ files.

2. Read mapping and transcriptome reconstruction. Reads are aligned to a reference
genome and stored in BAM/SAM files using software tools such as STAR (Spliced
Transcripts Alignment to a Reference) (Dobin et al., 2013) or Hisat2 (D. Kim et al.,
2019). Typically, the reference genome comes from the ENSEMBL project (Martin et
al., 2023), which has the current reference genome Sscrofa11.1 for pigs, published in
2017. The quality control of this step can be performed by other tools such as Picard
(Broad Institute, 2019) or SAMTools (H. Li et al., 2009).

3. Expression quantification and differential expression analysis. In this phase, the
reads mapped to individual transcripts are quantified, and differentially expressed
genes are identified. Bioinformatic tools such as HTseq (Anders et al., 2015) and R
packages such as DESeq2, edgeR or limma are commonly employed for this step (Ji
& Sadreyev, 2018; Love et al., 2014, 2015; Ritchie et al., 2015).

1.3.3. Microbiomics

The microbiome, as defined before, is the set of all the microorganisms, their genomes and
the environmental conditions (Marchesi & Ravel, 2015). These microbial populations can be
analysed through 16S rRNA gene sequencing or through whole-metagenome shotgun
sequencing. While the former approach is cost-effective, enabling the characterization of a

larger number of samples, the latter provides a more in-depth and accurate classification. In
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addition, whole-metatranscriptome shotgun sequencing has also emerged recently as a

method to assess the activity of the microbiota.

While microbiome analysis can be conducted on any microbial population, its application in
production animals is particularly interesting because the microbiome of animals, especially
the gut microbiome, has a close relationship with the host's metabolism and overall health. In
ruminants, research has primarily focused on characterising the intestinal (Mao et al., 2015;
J. Wang et al., 2016) and rumen microbial communities (Jami & Mizrahi, 2012; Y. K. Zhang
et al., 2021) using the 16S rRNA gene sequencing method. Conversely, in monogastric
animals like pigs, studies have employed a combination of methodologies, including 16S
rRNA gene sequencing, shotgun metagenomics, and culturomics, providing a broader and

more accurate view of the microbial population (Fenske et al., 2020; Holman et al., 2021).

In previous works carried out by our research group, 16S rRNA gene sequencing has been
used to characterise the microbiome in different gut sections of the pig (Crespo-Piazuelo et
al., 2018) and also to associate the microbiota of the rectal content with the pig genome
(Crespo-Piazuelo et al., 2019). The use of 16S rRNA gene profiling allowed the sequencing
of a high number of samples and a reliable taxonomic classification at genus level. This
approach confirmed that the bacterial genera Prevotella and Treponema were the most
abundant in rectal content, consistent with findings from previous studies (Ramayo-Caldas et
al., 2016; H. Yang et al.,, 2018). Furthermore, it allowed the identification of associations
between certain bacterial genera and genes that could potentially regulate the microbiota, as

explored in other works (Camarinha-Silva et al., 2017; Chen et al., 2018).

In the following sections, the main sequencing methods used in this thesis will be discussed

in detail.

1.3.3.1. 16S rRNA gene sequencing

The 16S rRNA is a component of the 30S small subunit of prokaryotic ribosomes. The 16S
rRNA gene is formed by nine hypervariable regions that are located between well-conserved
regions as shown in Figure 1.5, with a total length of approximately 1,500 base pairs. This
structure allows the taxonomic classification of prokaryotes through the sequencing of this
gene, as the hypervariable regions exhibit species-specific differences, while the conserved
regions serve as primer binding sites for sequencing. The first primers were designed in the
early 1990s using 16S rRNA gene consensus sequences of different microorganisms, and it
has become the preferred method for prokaryote analysis and classification since then
(Giovannoni et al., 1990; Ward et al., 1990; Weisburg et al., 1991).
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Figure 1.5. Structure of the 16S rRNA. Hypervariable regions are highlighted and numbered
V1-V9.

Woese and colleagues defined the main conserved regions of the 16S rRNA in 1975 (C. R.
Woese et al., 1975). Two years later, the 16S rRNA sequencing method was used to classify
the cellular life forms into the three-domain system that divided them into archaebacteria,
eubacteria and eurkaryotes, corresponding to the current Archaea, Bacteria, and Eukarya
domains (C. Woese, 1998; C. R. Woese et al., 1990; C. R. Woese & Fox, 1977).

Primers for 16S rRNA gene sequencing can be designed to target both bacteria and archaea
or be specific to one domain. Primers must maximise the detection coverage and the length
of the sequenced amplicons to identify lower taxonomy levels, as the different amplified
regions have varying levels of accuracy and affect diversity estimates and taxonomic
classification (B. Yang et al., 2016). The sequencing of the 16S rRNA gene has followed the
evolution of the sequencing technologies, transitioning from Sanger to NGS and TGS
methods. Nowadays, the Illlumina MiSeq sequencer is one of the most employed

technologies for 16S rRNA gene sequencing (Regueira-Iglesias et al., 2023).

The bioinformatic analysis of this gene involves several steps. Initial quality control typically

involves assessing a phred score of 20 (base call error probability of 1%). Subsequently,
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reads are merged into unique sequences, which are then clustered or denoised and binned
into Operational Taxonomic Units (OTUs) or, more recently, into Amplicon Sequence
Variants (ASVs). OTUs represent clusters of organisms with a higher similarity than 97% or
99%, depending on the taxonomic level (genus or species, respectively) (Edgar, 2013;
Morgan & Huttenhower, 2012). In contrast, ASVs are generated on a 100% of sequence
similarity using single-nucleotide resolution, which improves the taxonomic determination
(Nearing et al., 2018). The amplicon sequence data is processed with tools such as the ones
listed in Table 1.4.

Taxonomic assignment requires a reference database. The most used ones are RDP
(Ribosomal Database Project) (Cole et al., 2009), SILVA (Quast et al., 2012) and
Greengenes (DeSantis et al., 2006), which recently released a second version integrating
genomic and 16S rRNA data (McDonald et al., 2023).

Table 1.4. Main advantages of the most used bioinformatic pipelines for 16S rRNA amplicon

data analysis.

Software Language Advantages Reference
mothur shell More efficient (faster), good for high  (Schloss et al.,
number of samples 2009)
USEARCH (Edgar, 2010)
dada2 R High accuracy (Callahan et al.,
2016)
QIIME2 Python Different plugins with more (Bolyen et al., 2019)

functionalities, visualisation tools

1.3.3.2. Whole-metagenome shotgun sequencing

Whole-metagenome sequencing addresses the 16S rRNA gene limitations by enabling
deeper and more accurate classification, and also characterising other organisms besides
bacteria and archaea. In 2004, NGS techniques were first applied in metagenomic samples
(Tyson et al., 2004; Venter et al., 2004), and the first study of the human gut metagenome
was published the next year (Eckburg et al., 2005). In pigs, whole-metagenome sequencing
allowed the creation of the reference gene catalogue of the gut microbiome, which identified
7.7 million microbial genes that belonged to 719 species in 287 pig faecal samples from
different breeds (Xiao et al., 2016). Recently there has been published an expanded

catalogue of the pig gut microbiome, which sequenced 500 samples from different gut
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sections of different pig breeds or crossbreeds. This study also included the samples of the
previous catalogue, and identified more than 17 million complete genes that were clustered
into 2673 species (Chen et al., 2021).

The sequencing of metagenomic samples has been conducted by the main sequencing
companies such as lllumina or lon Torrent (Van Dijk et al., 2018). Metagenomic assembly is
challenging compared to genomic assembly due to reads originating from many different
genomes, which may include related species or strains, and coverage variability depending
on the abundance of each genome. In addition, the genome of the host is also sequenced
and needs to be removed by mapping it against the host species reference genome
(Pereira-Marques et al., 2019). Commonly used assemblers include metaSPAdes (Nurk et
al., 2017) and MEGAHIT (D. Li et al., 2015), following an initial quality control performed with
software such as FastQC (Andrews, 2010). The assembly is highly fragmented in thousands
of contigs, which are subsequently binned or grouped into species via supervised binning
methods, which use databases of already sequenced genomes to label the contigs into taxa,

or unsupervised methods, that look for natural groups or clusters in the data.

Taxonomic profiling of metagenomic data can be performed without an assembly using a
publicly available reference genome, which is faster than a de novo assembly, but loses
information about the uncharacterized microbes. Alternatively, taxonomic profiling can be
achieved by selecting markers or representative genes from available reference sequences.
Several bioinformatic tools execute the full pipeline for metagenomic analysis, starting from
the quality control and obtaining the taxonomic classification or putative functions as the final
output. Examples include SqueezeMeta (Tamames & Puente-Sanchez, 2019) and
metaWRAP (Uritskiy et al., 2018).

Metagenomic genes can be identified using adapted genomic characterization tools.
Databases such as KEGG (Kanehisa & Goto, 2000) or UniProt (The UniProt Consortium et
al., 2023) can be used to assess the putative functions of the metagenome. Furthermore,
specific functions of interest can be identified, such as the resistome, which is the complete

set of antibiotic resistance genes (Wright, 2007).

1.3.3.3. Metatranscriptome shotgun sequencing

In recent years, sequencing the whole metatranscriptome has become an increasingly
popular technology for microbiome elucidation. Whole-transcriptome analysis sequences the
expressed genes of the microbiome at a specific time point, which is an advantage
compared to the metagenomic analysis that sequences all the genes regardless of their

expression. These genes can be annotated and mapped to metabolic pathways, allowing the
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characterization of the active microbial species. Similarly to metagenome sequencing, the
bioinformatic analysis of metatranscriptomic data starts with a quality control of the
sequenced reads using programs like FastQC (Andrews, 2010) or Trimmomatic (Bolger et
al., 2014), which are used for short reads sequenced with lllumina. In the case of
metatranscriptome, it is important to remove the ribosomal RNA transcripts using programs
like SortMeRNA (Kopylova et al., 2012), as they constitute a significant part of the data (up
to 90%) and do not contribute in subsequent analyses such as differential expression or
pathway characterization. If specific target organisms need to be removed, such as host
reads of the samples, mapping methods that tag and remove this genome (P.-E. Li et al.,
2017) or alignment-free methods like BMTagger (Rotmistrovsky & Agarwala, 2011) can be

applied as a previous step to the assembly.

De novo assembly can be performed using transcriptomic tools such as Oases (Schulz et
al., 2012), rnaSPAdes (Bushmanova et al.,, 2019), or Trinity (Grabherr et al., 2011).
Alternatively, specific options for metatranscriptome such as IDBA-MT (Leung et al., 2013),
IDBA-MTP (Leung et al., 2014) or TAG (Transcript Assembly Graph) (Ye & Tang, 2016) are
available. The taxonomy of the active species can be assessed using classification tools like
MetaPhlan2 (Truong et al.,, 2015) or Kraken2 (D. E. Wood et al., 2019), which include
eukaryotes in their databases. Functional annotation can be performed with read-based
functional profilers such as MetaCLADE (Ugarte et al., 2018), or with assembled contigs and
tools like DIAMOND (Buchfink et al., 2015), which searches against functional databases
like KEGG (Kanehisa & Goto, 2000) or NCBI RefSeq (O’Leary et al., 2016), among others.
Some bioinformatic tools like MetaTrans (Martinez et al., 2016), SAMSA2 (Westreich et al.,
2018) or HUMANN2 (Franzosa et al., 2018) perform the different steps of metatranscriptomic

analysis.

1.3.4. Data integration

In organisms, processes are interconnected, with existent and transcribed genes influencing
protein production and, therefore, metabolite levels. Similarly, the microbiota is both
influencing and being influenced by the host metabolism, as well as being shaped by
environmental factors. Systems biology approaches offer a means to characterise these
complex interactions of the different components in study, aiming to reduce and integrate the
different parts independently of their structural and functional complexity (Kohl & Noble,

2009). There are several approaches to designing a systems biology study:

52


https://www.zotero.org/google-docs/?U1CL6i
https://www.zotero.org/google-docs/?6TWXdr
https://www.zotero.org/google-docs/?6TWXdr
https://www.zotero.org/google-docs/?JeHLA4
https://www.zotero.org/google-docs/?J4doap
https://www.zotero.org/google-docs/?J4doap
https://www.zotero.org/google-docs/?pfkMPp
https://www.zotero.org/google-docs/?LQlAyj
https://www.zotero.org/google-docs/?LQlAyj
https://www.zotero.org/google-docs/?1szMuE
https://www.zotero.org/google-docs/?FWT3qA
https://www.zotero.org/google-docs/?yebUYw
https://www.zotero.org/google-docs/?t60xkW
https://www.zotero.org/google-docs/?PjfkX0
https://www.zotero.org/google-docs/?2sYkPh
https://www.zotero.org/google-docs/?ozVuYx
https://www.zotero.org/google-docs/?9NFvTe
https://www.zotero.org/google-docs/?plaJsA
https://www.zotero.org/google-docs/?O7s1Sn
https://www.zotero.org/google-docs/?RlivqB
https://www.zotero.org/google-docs/?PPq9pW
https://www.zotero.org/google-docs/?MWFFyq
https://www.zotero.org/google-docs/?MWFFyq
https://www.zotero.org/google-docs/?Z34DjL
https://www.zotero.org/google-docs/?rvyu2x
https://www.zotero.org/google-docs/?rvyu2x

General introduction

e Bottom-up: starts with elements placed at the bottom of any multiscale
representation, such as genes and proteins, and using these components and their
interactions tries to reconstruct the system.

e Top-down: studies first the system at high level and tries to infer the parts and their
functionality in a form of reverse engineering.

e Middle-out: combines the two previous approaches, as it starts at an intermediate

level and goes into higher and lower levels in the exploration of the relationships.

Given the multidimensional interactions in which the parameters may vary due to
perturbations in one or more of the dimensions, the landscape concept has emerged. The
landscape approach tries to identify trajectories for dynamic parameter variation when the

responses are kept within a certain range (Ao, 2009; Kohl et al., 2010).

Different bioinformatic tools have been developed for systems biology, including MATLAB
(Schmidt & Jirstrand, 2006), PCIT (Reverter & Chan, 2008) and Pathway Tools (Karp et al.,
2021). In R, different packages enable the integration of two or more datasets and the
interpretation of their connections. Improving basic statistics like correlations, packages such
as WGCNA (Weighted Gene Co-expression Network Analysis) reduces the dimensionality of
the gene data to find hidden relationships with other traits (Langfelder & Horvath, 2008).
Additionally, packages like mixOmics employ various methods to find relationships between
two or more datasets (Lé Cao et al., 2016; Rohart et al., 2017).

In production animals, the systems biology approach was also used to relate two or more
data sets that contain information on complex traits, such as the genome or transcriptome of
the animal with productivity traits like meat quality or feed efficiency (Puig-Oliveras et al.,
2014; Schettini et al.,, 2022; H. Yang et al., 2017). While in cattle it is important dairy
production or the rumen microbiome (Fan et al., 2021; Neves et al., 2020), in pigs there is
also interest in the immunity of the animal or regarding the gut microbiota (Crespo-Piazuelo
et al., 2021; Reverter et al., 2021).

In our research group, we used mixOmics previously to find relevant correlations between
the RNA-Seq data and the fatty acid composition in muscle. In the study of
Valdés-Hernandez and colleagues, the regularised canonical correlation analysis (rCCA)
from mixOmics was applied to identify candidate regulatory genes influencing the IMF fatty

acid profile (Valdés-Hernandez et al., 2024).
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Objectives

This PhD thesis was done under the framework of the AGL2017-82641-R and the
PID2020-12677RB-C22 projects funded by the Ministerio de Ciencia e Innovacion (MCIN).

The main aim of this thesis was to study the interactions among the pig gut microbiome,
rectal SCFA composition, gene expression and FA composition in different tissues, and to

assess their impact in meat quality traits.

The main goal was divided in four objectives that correspond to the four works that we have

developed:

e Objective 1: find modules of co-expressed genes in muscle related with
intramuscular FA composition.

e Objective 2: find links among gut microbial composition, rectal SCFA content and the
FA composition in muscle and adipose tissue.

e Obijective 3: find differentially active species of the gut microbiota and their expressed
genes in pigs with divergent content in rectal SCFA composition.

e Objective 4: find connections between the gut microbial composition and liver gene

expression, focusing on energy metabolism.
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Abstract

The aim of this work was to identify the link between muscle gene expression and its fatty
acid (FA) composition. In an (Iberian x Duroc) x Duroc backcrossed pig population, we
identified modules of co-expressed genes, and correlation analyses were performed for each
of them versus the phenotypes, finding four relevant modules. Two of the modules were
positively correlated with saturated FAs (SFAs) and monounsaturated FAs (MUFAs), while
negatively correlated with polyunsaturated FAs (PUFAs) and the omega-6/omega-3 ratio.
The gene-enrichment analysis showed that these modules had over-representation of
pathways related with the biosynthesis of unsaturated FAs, the PPAR signalling pathway and
FA elongation. The two other relevant modules were positively correlated with PUFA and the
n-6/n-3 ratio, but negatively correlated with SFA and MUFA. In this case, they had an
over-representation of pathways related with fatty and amino acid degradation, and with
oxidative phosphorylation. Using a graphical Gaussian model, we inferred a network of
connections between the genes within each module. The first module had 52 genes with 87
connections, and the most connected genes were ADIPOQ, which is related with FA
oxidation, and ELOVL6 and FABP4, both involved in FA metabolism. The second module
showed 196 genes connected by 263 edges, being FN1 and MAP3K11 the most connected
genes. On the other hand, the third module had 161 genes connected by 251 edges and
ATG13 was the top neighbouring gene, while the fourth module had 224 genes and 655
connections, and its most connected genes were related with mitochondrial pathways.
Overall, this work successfully identified relevant muscle gene networks and modules linked
with FA composition, providing further insights on how the physiology of the pigs influences

FA composition.

Keywords: gene network, pig muscle, lipid metabolism, WGCNA, graphical Gaussian model
Implications

Pig meat quality is influenced by the fatty acid composition in intramuscular fat, which, in
turn, is determined by different factors such as the diet, the animal age or the breed. Aiming
to deepen the knowledge of the links between muscle gene expression and fatty acid
composition, our study identified groups of genes that play a role in controlling fatty acid
metabolism. Groups with positive relationships with saturated and monounsaturated fatty
acids had genes involved in the synthesis of fatty acids and groups with positive
relationships with polyunsaturated fatty acids had genes involved in the degradation of fatty

acids.
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Introduction

Pig is a main livestock species, being pork one of the most produced meats worldwide only
surpassed by poultry, with 1.35 billion swine heads produced in 2019 and 110 million tonnes
of meat (FAOSTAT, 2023). This high productivity is sustained by the efficiency of the
commercial pig breeds, which are strongly selected based on their prolificity, growth
capacity, and muscle and fat deposition, among other traits (Latorre et al., 2008). Nowadays,
other traits are also added to the selective breeding schemes, as consumers demand
healthier meats, but also keeping their good organoleptic qualities such as flavour or
juiciness (Aaslyng et al., 2007), being determinant the level of intramuscular fat (Fernandez
et al., 1999; van Laack et al., 2001). Lipid metabolism plays an important role in energy
production and storage among other processes (Bergen & Mersmann, 2005), and it is a key
factor in pork production, as it affects the composition of the fat and, therefore, consumer
acceptance of the meat (Fernandez et al., 1999). In addition, pig is used in biomedicine as a
model species for obesity and cardiovascular diseases, therefore, increasing the importance

of deepening the knowledge on its lipid metabolism (Spurlock & Gabler, 2008).

Iberian pig is a Spanish rustic breed, less efficient than the highly efficient lean breeds, but
also endowed with a high fat deposition, both intramuscular and subcutaneous (Nieto et al.,
2019). Iberian pork fatty acid (FA) profile, when compared with leaner breeds, has higher
content in monounsaturated FAs (MUFAs), but also in saturated FAs (SFAs) (Serra et al.,
1998). MUFAs are involved in meat quality and taste, but SFAs have been associated with
obesity and cardiovascular diseases in humans (Briggs et al., 2017; Livingstone et al.,
2022). Iberian sows can be crossed with Duroc boars to enhance the growth performance
while keeping good organoleptic properties of the meat (Ayuso et al., 2016). This crossbreed
and the backcross (Duroc x Iberian) x Iberian are also used in the dry-cured products

industry, producing more affordable pork while keeping an Iberian background (BOE, 2014).

Recent studies have been performed by our research group to assess relationships between
the genes and the FA composition in muscle (Valdés-Hernandez et al., 2023)using different
approaches. This analysis found candidate genes for intramuscular FA profile. However,
these results can be further explored using co-expression networks that highlight the

relationships between the genes.

The analysis of gene expression data is a challenging task and extensive efforts have been
made to provide a large range of methods to extract relevant interaction networks from
transcriptome data. Among these approaches, the Weighted Gene Co-expression Network

Analysis (WGCNA) detects co-expressed genes associated with complex target traits
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(Horvath & Dong, 2008; Langfelder & Horvath, 2008; B. Zhang & Horvath, 2005). WGCNA
has been used to investigate co-expression modules associated with obesity (Kogelman et
al., 2014) or feed efficiency in pigs (Ramayo-Caldas et al., 2018). However, WGCNA and
other network inference approaches lack the ability to distinguish between direct and indirect
relations among the expressed genes in a statistically sound way. A feasible alternative that
can overcome this limitation is the combination of the WGCNA approach with graphical
Gaussian models (GGMs) (Schafer & Strimmer, 2005). Under this statistical framework,
gene regulatory networks are modelled as sparse graphs where genes are nodes, i.e.
Gaussian random variables, and edges between nodes are the relationships between
genes, i.e. conditional dependencies between random variables. GGMs distinguish direct
dependencies (true biological genes regulation network) from spurious correlations
(undirected relationships between genes). Furthermore, this approach has been already
used in plants (Ma et al., 2007), on other omics (Benedetti et al., 2017) or in cancer research
(Svoboda et al., 2018).

Overall, WGCNA and GGM are complementary approaches to unravel the complexity of
biological mechanisms (Le Novére, 2015) and in this article, we used a two-step approach
similar to L. Zhang et al. (2018) to apply them to a RNA-Seq dataset that targets the pig

muscle transcriptome in animals with intramuscular FA composition.

The aim of this work was to study the relationships between the muscle gene expression
and the FA profile, in order to identify genes that may be influencing the FA composition in
muscle and therefore, the meat quality. For that purpose, we first used the WGCNA method
to identify muscle co-expressed genes modules associated with FA composition.
Subsequently, on each module, we used the statistical framework of GGMs to infer

regulatory networks.
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Material and methods

Animal material

The 129 pigs used in this study belonged to an experimental backcrossed population
(BC1_DU), which was obtained by mating five Iberian x Duroc F1 boars with 22 Duroc sows.
The population is fully described in Crespo-Piazuelo et al. (2020). In brief, the backcrossed
animals (59 females and 70 males) were raised in intensive conditions and fed a
cereal-based diet. Pigs were slaughtered at an age of 190 + 15 days in a commercial
abattoir, where samples from the longissimus dorsi muscle were collected and snap-frozen

in liquid nitrogen. Muscle samples were later stored at —80°C until further use.

The FA profile was determined by a gas chromatography protocol for methyl esters, as
explained in Crespo-Piazuelo et al. (2020). Then, the results of the FA composition were
represented as relative abundances in percentages (Table 1). In addition, other indices such
as the sum of SFA, MUFA and PUFA, and the ratio between the omega-6 and omega-3

(n-6/n-3) PUFA were also calculated.
Transcriptome sequencing and estimation of gene expression

The RiboPureTM Isolation kit for High Quality Total RNA (Ambion; Austin, TX, USA) was
used, following the manufacturer’s recommendations, to isolate the RNA from the
Longissimus dorsi muscle of the 129 animals. A NanoDrop ND-1000 spectrophotometer
(NanoDrop products; Wilmington, DE, USA) was used to quantify the RNA, and its integrity
was checked with an Agilent Bioanalyzer-2100 equipment (Agilent Technologies, Inc.; Santa
Clara, CA, USA). The CNAG institute (Centre Nacional d’Analisi Gendmica; Barcelona,
Spain) performed the library preparation and sequencing. The analysis was run in an
lllumina HiSeq 3000/4000 machine (lllumina, Inc.; San Diego, CA, USA) using the
paired-end library prepared with TruSeq Stranded mRNA kit also from lllumina. Full details

are available in Crespo-Piazuelo et al. (2020).

Bioinformatic analyses for RNA alignment and quantification can be found in
Valdés-Hernandez et al. (2023). In brief, initial quality control was performed with FastQC
v0.11.9 (Andrews, 2010). STAR v2.7.9a (Dobin et al.,, 2013) was used to map the reads
against the Sscrofa11.1 pig reference genome and gene expression was assessed with
RSEM v1.2.28 (B. Li & Dewey, 2011). In summary, a mean of 45.09 million of 2 x 75 bp
paired-end reads per sample were obtained, resulting in an average of 90.06% of uniquely

mapped reads. The raw count matrix consisted of 19,263 genes.

67



Integrative analysis of gut microbiome, gene expression, and lipid metabolism in pigs

Weighted Gene Co-expression Network Analysis (WGCNA) and

gene enrichment analysis

The FA composition and ratios indicated in Table 1 were used in the WGCNA analysis.The
list of expressed genes obtained from the RNA-Seq expression data was filtered, keeping
3,538 genes related to energy metabolism. The filter was created using a list of gene
functional annotation based on gene ontology and pathway terms, which included the
following gene ontology databases: KEGG, Reactome, WikiPathways, STRING-db, AmiGO
2, MGI, and BioSystems from NCBI. This list was manually curated by our research group,
as further explained in Valdés-Hernandez et al. (2023). The list with the pathways and the
source can be found in Supplementary Table S1. The counts were corrected by sex and
batch, normalised using the counts per million (CPM) calculation and log-transformed with
the edgeR package v3.38.4 (Robinson et al., 2010). A complete list of the lipid-related genes
can be found in Supplementary Table S2. To identify co-expressed and highly interconnected
genes associated with the intramuscular profile of 17 FAs (Table 1), the WGCNA package
v.1.72-1 (Langfelder & Horvath, 2008) was used in R as follows:

(1) The network construction as well as the identification of the modules of co-expressed
genes was done on gene expression data. The soft-thresholding power as function of the
scale-free topology index was defined at seven, which represent a power-law model of
R2=0.88.

(2) Pearson’s correlation between the module eigengene and the FA phenotype information
was estimated. The eigengene is defined as the first principal component of a given module
and can be considered a representative of the gene expression profiles in a module
(Langfelder & Horvath, 2008). A module was chosen for downstream analysis if it presented

module-trait relationship > |0.1| and p-value < 0.05 in at least six of the analysed traits.

Gene function classification and pathway enrichment analyses were performed using the
ClueGO Cytoscape plug-in (Bindea et al., 2009). The cut-off for considering a significant
over-representation was established with a p-value < 0.05 after Benjamini and Hochberg

multiple-test correction (Benjamini & Hochberg, 1995).
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Table 1. Mean relative abundance (%) and standard deviation (SD) values of FA

composition in the longissimus dorsi muscle of the 129 BC1_DU pigs.

Phenotypes Name Mean SD
Saturated FA
SFA_LD Total SFA 39.98 3.107
C140_LD Myristic acid 1.27 0.231
C160_LD Palmitic acid 23.90 1.663
C180_LD Stearic acid 14.35 1.727
Monounsaturated FA
MUFA_LD Total MUFA 43.37 6.233
C161n7_LD Palmitoleic acid 2.79 0.524
C181n9_LD Oleic acid 35.83 5.800
C181n7_LD Vaccenic acid 3.83 0.303
C201n9_LD Gondoic acid 0.73 0.166
Polyunsaturated FA
PUFA_LD Total PUFA 16.16 8.306
C182n6_LD Linoleic acid 12.25 5.962
C183n3_LD a-linolenic acid 0.40 0.131
C202n6 LD Eicosadienoic acid 0.43 0.122
C203n6_LD Dihomo-y-linolenic acid 0.46 0.294
C203n3_LD Eicosatrienoic acid 0.18 0.098
C204n6_LD Arachidonic acid 2.62 1.983
W6W3_LD Ratio n-6/n-3 26.60 8.159

Network inference using graphical Gaussian model

Within each module of genes, we inferred a network of “direct” regulation between genes

(i.e., conditional dependencies) using the graphical Gaussian model in high dimension

(Friedman et al., 2008). Analyses were implemented in R by using the glasso (Friedman et

al., 2008) and huge (T. Zhao et al., 2012) packages.
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For consistent estimation of the network, it was inferred 30 times on 30 subsets from the
original dataset (sampling with replacement). Based on the Bolasso variable selection
algorithm (Bach, 2008), only edges appearing all the times in the inferred networks were
kept in the final model. Inferred networks were subsequently uploaded to Cytoscape

program for visualisation.
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Results

Co-expressed gene modules and correlation with FA traits

The co-variation between gene-expression and FA phenotypic information was estimated by
using the WGCNA approach. First, genes were clustered according to their connectivity,
resulting in 12 modules. Supplementary Table S3 provides the complete list of genes with
their module membership. The WGCNA procedure assigned a specific colour to each
gene-module that will henceforth be used to refer to each module, as seen in the summary
plot of Fig. 1, which also shows the colour assigned to each significant module. Fig. 2
pictures the correlation coefficient between the eigengene values of these modules and the
17 FA-related phenotypes. From the 12 modules, we only kept for further analyses the ones
that had six or more significant correlations (p-value < 0.05) of their eigengene values with
the phenotypes, which resulted in four relevant modules (Magenta, Yellow, Green and
Brown), as shown in Fig. 2. SFA and MUFA followed similar relationships with the module
eigengene values, while PUFA showed opposite correlation patterns (Fig. 2). This is an
expected result taking into consideration the negative phenotypic correlations between the
different FA. As Fig. 3 shows, SFA and MUFA have positive correlations between them and

negative with PUFA.
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Fig. 1. MDS plot of the gene distribution. The colours represent the modules assigned for

each gene.
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Module-trait relationships
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Fig. 2. Relationships between the four significant modules identified in WGCNA and the FA
phenotypes in the longissimus dorsi muscle of (Iberian x Duroc) x Duroc pigs. Red colour
points out the positive correlations, while blue represents the negative ones. The p-value of

the correlation is shown between parenthesis.
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Fig. 3. Phenotypic correlations between the analysed FAs in longissimus dorsi muscle.

The eigengene values of Magenta and Yellow modules showed a similar correlation trend,
which was opposite to the patterns observed in the Green and Brown modules. Magenta and
Yellow modules included 57 and 221 genes, respectively; which resulted to be positively
correlated with palmitoleic (C16:1n-7), oleic (C18:1n-9) and the sum of the MUFA in
Magenta module, and with stearic acid (C18:0) in Yellow module, but both modules were
negatively correlated with linoleic acid (C18:2n-6), arachidonic (C20:4n-6), the ratio n-6/n-3
and the sum of the PUFA. The Magenta module was also negatively correlated with other
PUFA such as a-linolenic acid (C18:3n-3), eicosadienoic acid (C20:2n-6), eicosatrienoic acid
(C20:3n-3) and dihomo-y-linolenic acid (C20:3n-6). Meanwhile, the Green and Brown
modules included 174 and 234 co-expressed genes, respectively; both of them following an
opposite relationship than Magenta and Yellow modules, being positively correlated with
C18:2n-6, C20:4n-6, C20:3n-6, C20:2n-6, ratio n-6/n-3 or PUFA, but negatively correlated
with C14:0, C18:1n-9 and MUFA.

Biological processes and pathways enriched within gene modules

The gene-enrichment analysis indicated that the genes gathered in the four modules
strongly associated with FA are involved in a wide variety of physiological and biological
events (Supplementary Table S4). Among significantly enriched pathways, it is worth

highlighting the pathways listed in Table 2.
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Table 2. Over-represented pathways for each significant module. Only the pathways with a

corrected (by Benjamini and Hochberg) p-value of < 0.05 are considered.

Over-represented pathways' Corrected p-value

Magenta module

Biosynthesis of unsaturated fatty acids (KEGG:01040) 0.0013
PPAR signalling pathway (KEGG:03320) 0.0013
Fatty acid elongation (KEGG:00062) 0.0076
Cholesterol metabolism (KEGG:04979) 0.0294

Yellow module

Chemokine signalling pathway (KEGG:04062) 0.0000
Platelet activation (KEGG:04611) 0.0000
Glutamatergic synapse (KEGG:04724) 0.0009
Calcium signalling pathway (KEGG:04020) 0.0013
Phospholipase D signalling pathway (KEGG:04072) 0.0037
PI3K-Akt signalling pathway (KEGG:04151) 0.0041
Regulation of lipolysis in adipocytes (KEGG:04923) 0.0298

Green module
Adipocytokine signalling pathway (KEGG:04920) 0.0225

Brown module

Oxidative phosphorilation (KEGG:00190) 0.0000
Citrate cycle (TCA cycle) (KEGG:00020) 0.0000
Fatty acid degradation (KEGG:00071) 0.0001

Amino acid degradation

Valine, leucine and isoleucine degradation (KEGG:00280) 0.0004
Tryptophan metabolism (KEGG:00380) 0.0004
Pyruvate metabolism (KEGG:00620) 0.0044
Lysine degradation (KEGG:00310) 0.0058

"Numbers between parenthesis are the KEGG entry for the pathway.
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To be noted, module gene-enrichment analysis agreed with the observed module and FA
correlations patterns. As previously commented, modules Magenta and Yellow were
positively correlated with MUFA and SFA, showing over-representation of pathways related
to Biosynthesis of unsaturated fatty acids (KEGG:01040), PPAR signalling pathway
(KEGG:03320) and Fatty acid elongation (KEGG:00062). Meanwhile, genes belonging to
Green and the Brown modules were negatively correlated with those FAs, but positively
linked to PUFA, showing over-representation of pathways associated with Fatty acid
(KEGG:00071) and amino acid degradation (KEGG:00280; KEGG:00380; KEGG:00620;
KEGG:00310) or Oxidative phosphorylation (KEGG:00190).

Network inference in each module

For each of the four WGCNA modules associated with FA composition we performed
network inference by using the graphical Gaussian model. Fig. 4 shows the connections
between the most connected genes and their neighbours from the Magenta module, the
remaining networks of the significant modules (Yellow, Green and Brown) are available in
Supplementary Figure S1. The Magenta network had 52 nodes with 87 edges. The most
connected gene was ADIPOQ with 10 neighbours; TRARG1 and ELOVL6 with eight
neighbours; FABP4 with seven neighbours, and GYS2, PLIN1, CIDEC, and AK4 with six.
The Yellow network inferred using the graphical Gaussian model had 196 nodes with 263
edges. The most connected genes were FN1 and MAP3K11 with eight neighbours, and
PLAU, CSF1R and EHDZ2 with seven neighbours. The Green network had 161 nodes with
351 edges. The most connected gene was ATG13 with 11 neighbours. MEF2C, GOT1,
IRS2, NCEH1 and MAP2K3 had nine neighbours, and PBX1, ENSSSCG00000002433
(PSMCT), ILVBL, GPAT4 and EIF4A1 had eight neighbours. The Brown network had 224
and 655 edges. The most connected gene was ENSSSCG00000034019 (ATPSMF) with 16
neighbours; whereas COX6A2, ATP5F1C, ATP5PB, COX7B and ENSSSCG00000002907
(COX6B) had 13 neighbours.
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Fig. 4. Magenta module gene network of the most connected genes (genes with six or more
neighbours are highlighted in magenta colour and, for visualisation purposes, genes without
direct connection with these most connected items are hidden). The size of the node is
based on the number of direct neighbours of the gene. The edges are coloured based on the
correlation between the genes, green for positive and red for negative. In this network, all the

correlations are positive.
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Discussion

Co-expression networks enable the clustering of different genes that have similar
behaviours. This is especially useful when working with a high number of data such as
tables of expressed genes analysed in a whole-transcriptome approach, but it is still often
needed to define subsets of genes of particular interest. In our study, these groups were
defined as modules of co-expressed genes in muscle that showed correlations with FA
composition. Among the four significant modules identified, Magenta and Yellow modules
showed positive correlations with SFA and MUFA, while Green and Brown modules had
positive correlations with PUFA and its omega-6/omega-3 ratio, which is in agreement with
previous results of our research group (Valdés-Hernandez et al., 2023). Out of the four
modules, the Magenta module clustered the least number of co-expressed genes, while the
Brown module had the highest number of co-expressed genes. The most connected genes
in the Magenta module were related to the insulin and FA biosynthesis pathways and also
aligned with the significant phenotypic correlations found in this module, which showed
positive results with three of the MUFAs and their sum. On the other hand, the most
connected genes of the Brown module were related to the mitochondrial FA oxidation. In this
case, the phenotypic correlations showed positive results with four of the PUFAs, their sum,

and the omega-6/omega-3 ratio.

In the following sections, we provide an in-depth analysis of the interaction network defining

the gene-gene connections within each of the four modules.
Insulin pathway and FA biosynthesis (Magenta module)

In the Magenta module we found ADIPOQ (adiponectin) as the most connected gene.
ADIPOQ is an adipokine involved in meat quality, and this module was found positively
correlated with the palmitoleic acid (C16:1n-7). Besides, the palmitoleic acid has been
described as a lipokine and has been related with metabolism homeostasis (Frigolet &
Gutiérrez-Aguilar, 2017). In addition to being mainly synthesised by the adipocytes, ADIPOQ
is involved in FA oxidation and inhibits lipogenesis, but it also regulates insulin sensitivity
(Kadowaki & Yamauchi, 2005) and has been associated with average daily weight gain in
pigs (Dall’Olio et al., 2009). The insulin sensitivity regulation is thought to be performed also
by TRARG1 (trafficking regulator of GLUT4-1) (Duan et al., 2018), which was found in this
module with a positive correlation with ADIPOQ. ADIPOQ is associated with one of the
enriched pathways of this module, the PPAR (peroxisome proliferator-activated receptor)
signalling pathway, which has associated other highly connected genes such as GYS2

(glycogen synthase 2) and PPARG (peroxisome proliferator activated receptor gamma).
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GYS2 plays a role in obesity through abnormal carbohydrate and lipid metabolism (Morton et
al., 2011). PPARs are regulators of the lipid metabolism genes expression (Varga et al.,
2011), and PPARG can be found, in addition to adipose cells, in other tissues such as breast
and colon (Walczak & Tontonoz, 2002). The PPARG gene is a key regulator of adipogenesis
(Tontonoz et al., 1995), but also plays a role in insulin sensitivity and glucose homeostasis
(Walczak & Tontonoz, 2002). It interacts with other of the highly neighbouring genes of this
module, such as FABP4 (fatty acid binding protein 4), whose encoded protein promotes
insulin resistance (Garin-Shkolnik et al., 2014), and CIDEC (cell death inducing DFFA like
effector c), which has been found directly activated by PPARG in liver (Matsusue et al.,
2008) and up-regulated by PPARGZ2 in bovine adipose tissue (Zhou et al., 2018).

PLINT (perilipin 1), which belongs to the perilipin family, is found in the lipid droplets of the
adipocytes and is involved in intramuscular fat deposition (Gol et al., 2016; Kimmel et al.,
2010). Our research group found in a previous work (Valdés-Hernandez et al., 2023) that
this gene is positively correlated to palmitoleic acid (C16:1n-7), oleic acid (C18:1n-9) and
total MUFA content, and negatively correlated to the PUFAs eicosadienoic acid (C20:2n-6)
and a-linolenic acid (C18:3n-3). In addition, other studies found that PLIN7 interacts with
CIDEC to promote the formation of larger lipid droplets (B. Li et al., 2018; Moreno-Navarrete

et al., 2014), which is in agreement with the connections found in our analysis (Fig. 4).

Among the other highly connected genes in this module, ELOVL6 (elongation of long-chain
fatty acids family number 6) has also an important role in insulin sensitivity, and it acts in the
elongation of saturated and monounsaturated long-chain FAs (Matsuzaka & Shimano,
2009). This enzyme is involved in the elongation of FAs, e.g., from myristic (C14:0) to
palmitic acid (C16:0) or from palmitic to stearic acid (C18:0). Although another gene found in
this module, SCD (stearoyl-CoA desaturase), did not have a direct connection in the network
analysis with ELOVLG6, both participate in FA metabolism. SCD converts palmitic to
palmitoleic acid (C16:1n-7) and stearic acid to oleic acid (C18:1n-9), being both of them
MUFA, which were positively correlated with this module. Genetic polymorphisms in ELOVL6
have been previously reported by our research group (Corominas et al., 2013, 2015;
Crespo-Piazuelo et al., 2020) as associated with the abundance of myristic, palmitic and
palmitoleic acids (C14:0, C16:0 and C16:1n-7). In a previous study we also found this
elongase positively associated with MUFA content (Valdés-Hernandez et al., 2023). In
addition, the analysis suggested (corrected p-value < 0.1) a positive correlation between the
Magenta module and the saturated FA: myristic (C14:0), palmitic (C16:0) and stearic (C18:0)
acids (Fig. 2). ELOVLE6 is also related to PPARA, which, interestingly, has been found in the
Green module. A deficiency in ELOVL6 implies a reduction of PPARA and a suppression of
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FA synthesis and degradation, and increases insulin sensitivity (Matsuzaka & Shimano,
20009).

FA synthesis genes (Yellow module)

Even though the Yellow module showed many enriched pathways related with cancer and
other diseases, there were two significant pathways related with lipid metabolism: PI3K-Akt
signalling pathway and the regulation of lipolysis in adipocytes. The PI3K-Akt axis plays a
central role in the insulin pathway and acts in liver increasing gluconeogenesis and glycogen
synthesis, but also lipid synthesis (Khorami et al., 2015; Petersen & Shulman, 2018), which
agrees with the positive correlations found with the SFA and MUFA. Interestingly, one of the
most connected genes of this module, FN1 (fibronectin 1), an activator of the PI3K-Akt
signalling pathway (Ji et al., 2020), was found enriched in this pathway. This pathway also
had PIK3CG as an associated gene, which is one of the four genes that constitute the
catalytic subunit of the class | PI3K and works in a wide variety of processes (Engelman et
al., 2006). Other enriched genes found, such as PDGFRA and PDGFRB, were positive
regulators of the PI3K-Akt signalling pathway (Cunningham et al., 2022).

The other enriched pathway related with lipid metabolism is the one that regulates lipolysis in
adipocytes, which breaks the stored triacylglycerol into glycerol and FAs (Duncan et al.,
2007). Three genes of the same family of adenylate cyclases (ADCY3, ADCY4 and ADCY5),
which regulate lipolysis in adipocytes (Kuo et al., 2018), were enriched in this pathway.
MGLL, another gene enriched in this pathway, is involved in the final step of lipolysis, as it

breaks monoglycerides into glycerol and FAs (Fredrikson et al., 1986).

Another of the most connected genes, EHD2 (EH domain-containing 2), can be linked to
obesity, as it controls the pathway related with caveolate-dependent FA uptake (Matthaeus
et al., 2020). Its over-expression suppresses the activity of PPARG, a gene that was
enriched in the previous module, and its silencing affects insulin sensitivity, lipid storage
capacity and lipolysis (Matthaeus et al., 2020; Morén et al., 2019). EHD2 and caveoline-1
are up-regulated during adipocyte differentiation, while caveoline-1 also regulates the

adenylate cyclase pathway (Kuo et al., 2018; Morén et al., 2019).
Adipocytokine signalling (Green module)

The Green module only had one significantly enriched pathway, the adipocytokine signalling
pathway, which plays a central role in metabolic homeostasis and is an important component
in obesity (Cao, 2014). The gene with the most neighbouring genes that was associated with

the adipocytokine signalling pathway was /RS2 (insulin receptor substrate 2). /RS2 is
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involved in insulin signalling and may be related with human life span and nutrient
homeostasis (Taguchi et al., 2007). PPARA and PPARGC1A (peroxisome
proliferator-activated receptor gamma-coactivator 1A) genes were also associated with this
pathway. As previously explained for the Magenta module results, PPARA interacts with
ELOVLG6. PPARA is a nuclear receptor related to FA oxidation, and its decrease can promote
obesity (Matsuzaka & Shimano, 2009). PPARGCT1A is involved in lipid and energy
metabolism, and it has been found as a candidate gene for pig meat quality traits (Gandolfi
et al., 2011).

Regarding the highly neighbouring genes, some were also found in previous works of our
research group, such as GOT1, ILVBL or ACSL1. GOT1 (glutamate oxaloacetate
transaminase 1) is involved in different catalytic processes and also in FA homeostasis
(Cunningham et al., 2022), while ILVBL (llvB acetolactate synthase like) is involved in the
a-oxidation of FAs (Kitamura et al., 2017). ACSL1 (acyl-CoA synthetase long chain family
number 1) plays a key role in lipid metabolism, as seen for humans and cattle (Brasaemle et
al., 2004; Z. Zhao et al., 2020), but also for different pig breeds (Q. Li et al., 2012) and it may
promote lipogenic-related genes such as FABP4, APOE and FASN (Shan et al., 2010).
These three genes were found in the Magenta and Yellow modules, which have enriched

pathways related with FA biosynthesis.
Mitochondrial FA oxidation (Brown module)

The FA degradation pathway was found enriched in the Brown module. One of the highly
neighbouring genes found was related with this pathway, ACADVL (acyl-CoA
dehydrogenase very long chain). ACADVL is a target gene of PPARA and is involved in
mitochondrial FA B-oxidation, and has already been found differentially expressed in the
muscle of pigs with extreme FA composition (Puig-Oliveras et al., 2014). Another gene
related to this pathway is HADH (hydroxyacyl-CoA dehydrogenase trifunctional multienzyme

complex), whose subunits alpha and beta, are also involved in FA B-oxidation.

The FA degradation pathway produces metabolites that can be used in other enriched
pathways of this module related with the mitochondria, such as the citrate pathway
(Raimundo et al., 2011; Scheffler, 2007). The most neighbouring genes of this module were
composed of three different ATP synthase subunits (ATP5MF, ATP5F1C and ATP5PB) and
three cytochrome c oxidases (COX6A2, COX6B and COX7B). ATP synthase and the COX
proteins are related to mitochondrial energy metabolism. The ATP synthase is part of an
enzyme complex that stimulates the production of ATP more efficiently (Jonckheere et al.,
2012). COX6A2, which can be found in striated muscle (Taanaman et al., 1993), is a

80



Articles and studies

regulator of respiratory uncoupling in muscle, and it is involved in obesity and insulin
resistance (Quintens et al., 2013). COX6B is involved in mitochondrial respiration (Lazarou
et al., 2009), whereas COX7B plays a role in apoptosis (Indrieri et al., 2012). The genes of
other ATP synthase subunits were highly neighbouring genes, and they were also found in
previous studies of our research group (Valdés-Hernandez et al., 2023). However, other
highly neighbouring genes, such as some genes from the NADH:ubiquinone reductases
family (NDUFAF7, NDUFS1, and NDUFS2) were newly reported.

Another member of this family, NDUFB8 (NADH:ubiquinone reductase subunit B8), is also
another of the top neighbouring genes. NDUFB8 is a subunit of the mammalian
mitochondrial complex | and it is involved in the stability and activity of the mitochondrial
complex (Arumugam & Manickam, 2022). GOT1 and SCD were located close to the
NDUFBS8 gene. GOT1 was one of the top neighbouring genes in the Green module, while
SCD was found in the Magenta module. Furthermore, ELOVL3 (elongation of long-chain
fatty acids family number 3) and HIFTAN (hypoxia inducible factor 1 subunit alpha inhibitor)
were also found within this SSC14 region. ELOVL3 is involved in SFA elongation, whereas
HIF1AN is related to the PI3K signalling pathway, which was enriched in the Yellow module
(Puig-Oliveras et al., 2016).
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Conclusions

Here, we present an analysis of related gene regulatory networks in the porcine muscle that
are potentially related to FA composition in the pig meat. We found four modules that contain
relevant muscle gene networks linked with FA composition of pig meat, providing further
insights on how the physiology of the pigs influences this relevant phenotype for both meat

quality and human health.
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Abstract

The gut microbiota is a key player in the host metabolism. Some bacteria are able to ferment
non-digestible compounds and produce short-chain fatty acids that the host can later
transform and accumulate in tissue. In this study, we aimed to better understand the
relationships between the microorganisms and the short-chain fatty acid composition of the
rectal content, including the possible linkage with the fatty acid composition in backfat and
muscle of the pig. We studied a Duroc x Iberian crossbred population and we found
significant correlations between different bacterial and archaeal genera and the fatty acid
profile. The abundance of n-butyric acid in the rectal content was positively associated with
Prevotella spp. and negatively associated with Akkermansia spp., while conversely, the
abundance of acetic acid was negatively and positively associated with the levels of
Prevotella spp. and Akkermansia spp., respectively. The most abundant genus,
Rikenellaceae RC9 gut group, had a positive correlation with palmitic acid in muscle and
negative correlations with stearic acid in backfat and oleic acid in muscle. These results
suggest the possible role of Prevotella spp. and Akkermansia spp. as biomarkers for acetic
and n-butyric acids, and the relationship of Rikenellaceae RC9 gut group with the lipid
metabolism, building up the potential, although indirect, role of the microbiota in the

modification of the backfat and muscle fatty acid composition of the host.

Importance: The vital role of the gut microbiota on its host metabolism makes it

essential to know how its modulation is mirrored on the fatty acid composition of the host.
Our findings suggest Prevoftella spp. and Akkermansia spp. as potential biomarkers for the
levels of beneficial short-chain fatty acids, and the possible influence of Rikenellaceae RC9

gut group in the backfat and muscle fatty acid composition of the pig.
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Introduction

Pig is one of the most important livestock species, being pork the second most produced
meat worldwide after chicken (1). In Spain, the Iberian pig is an autochthonous breed,
usually raised in “dehesas” (holm oaks) and fed with acorns as part of its diet (2). The
Iberian pig has lower growth efficiency and higher fat deposition than conventional breeds,
but it excels in meat quality due to its different fatty acid (FA) profile. Iberian pork has higher
percentage of oleic acid and saturated FA (SFA), and less abundance of polyunsaturated
FAs (PUFA) (3, 4), which makes this meat ideal for cured products and appeals to the
consumer due to its organoleptic properties. In production farms, Iberian pigs are crossbred
with Duroc pigs, producing more efficient animals without overly impairing the production of

ham and other cured products (2, 5).

Aside from its interest in meat production, the pig, as a monogastric omnivorous animal, can
be used as model species for different human syndromes and conditions, including gut
microbiota-related diseases and dietary modulation of the gut population (6, 7). Thus, gut
microbiota composition influences host metabolism and its general welfare (8), and is deeply
modulated by the diet (9, 10), albeit being also affected by environmental factors and by the
host genetics (11-13). During the last decades, the distinction and classification of gut
microbial communities has been performed through 16S rRNA gene sequencing among
other methods (14, 15). In addition, the metabolites produced by the gut microbiota have
also been studied. Gut microbiota is able to ferment non-digestible compounds such as
dietary fibres and produce, amongst other metabolites, short-chain FAs (SCFAs) (16). In the
gut, SCFAs are an energy source available for the host (17) and can be incorporated in
different metabolic pathways (18, 19). SCFAs that cross the intestinal barrier and are
incorporated into the host metabolism can influence the FA profile across tissues, as they act
as a substrate for FA biosynthesis and are also involved in the regulation of the lipid
metabolism (20). Hence, identifying the main microbial organisms involved in SCFA
production is key to imagine strategies capable of influencing the FA composition of the host
through any mechanism able to modify the gut microbiota, such as the diet. Therefore, this
study aimed to assess the relationship between gut microbiota, SCFA abundance and FA

profile in backfat and muscle of the pig, which to our knowledge, has not yet been explored.
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Materials and Methods

Ethics approval

Animal handling and sample collection were performed based on the regulations from the
Spanish Policy for Animal Protection RD53/2013 in accordance with the European Union
Directive 2010/63/EU about the protection of animals used in experimentation. Pigs were
slaughtered in a commercial abattoir following national and institutional guidelines for Good

Experimental Practices.

Animal material

The animal data for this study consisted of 288 healthy pigs from an F1 Duroc x Iberian
crossbred population. All the animals were housed in the same farm under a controlled
environment in intensive conditions and were fed ad libitum with a standard commercial diet
based on barley and wheat. Pigs were slaughtered in a commercial abattoir with an average
weight of 138.8 kg (SD = 11.46 kg) in four different days. Samples of backfat, longissimus
dorsi muscle and rectal content were collected, snap-frozen in liquid nitrogen and preserved
at —80 °C until further used.

Microbial DNA extraction and sequencing

Microbial DNA was extracted from 0.2 g of rectal content using the PowerFecal kit (MoBio
Laboratories, Carlsbad, CA, USA) and following the manufacturer’s guidelines. DNA purity
and concentration was assessed with a ND-1000 spectrophotometer (NanoDrop
Technologies, Wilmington, DE, USA).

The V3-V4 region of the 16S rRNA gene was amplified following the recommendations on
the 16S Metagenomic Sequencing Library Preparation guide (lllumina, San Diego, CA,
USA). The complete description of the procedure can be accessed at Crespo-Piazuelo et al.
(2019). In summary, all the amplicon pooled libraries from the 288 animals were sequenced
in three runs by a MiSeq System (lllumina, San Diego, CA, USA) using the MiSeq Reagent
Kit v3 (600-cycle format, 2x300 bp paired-end reads) in the Sequencing Service of the
FISABIO (Fundacié per al Foment de la Investigacié Sanitaria i Biomedica de la Comunitat
Valenciana). A total of 17.991 Gb was obtained with an average of 104,115 reads per
sample. An outlier was discarded because it had 1,758,983 reads while the rest of the

samples were in a 34,186 to 218,360 range. Raw sequencing data can be accessed under
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the BioProject accession number PRJNAS540380 in the NCBI Sequence Read Archive
(SRA).

Taxonomy classification

The remaining 287 samples were analysed with QIIME2 v2021.11.0 (21). Sequences with a
Phred score lower than 33 were filtered out, and were processed in QIIME2 with the DADA2
algorithm, denoising and trimming 280 nucleotides in the forward read sequences and 230 in
the reverse read sequences. Two of the samples were discarded because they did not
match the quality criteria. The three technical replicates were merged per individual using
the sum overlap method. For the 285 remaining samples, phylogeny was calculated and
they were taxonomically classified at 99% of similarity using the SILVA database release 138
(22) specifying the V3-V4 region forward and reverse primers. After the QIIME2 pipeline,
46,284 ASVs (Amplicon Sequence Variants) were obtained and filtered with the following
procedure to avoid artefacts and singletons. Using R v4.1.3 software (23), we kept only

those ASVs with a greater abundance than 0.005% of the total number of counts:

sample ASVs - 100
SRS > 0.005

Hence, 2,671 ASVs were obtained and grouped in 119 genera, 67 families and 17 phyla. For
diversity analyses, filtered samples were rarefied with phyloseq v1.38.0 (24) to an equal
number of ASVs per individual (n = 8,864), which was the minimum number of counts. Then,
a- and B-diversities were calculated with phyloseq and vegan v2.5-7 R packages (25). Thus,
a-diversity was estimated by the Shannon index, while B-diversities were determined by

Bray-Curtis’ dissimilarities (26).

Fatty acid composition

Fatty acid composition in backfat and longissimus dorsi muscle was measured by gas
chromatography. For backfat, the analysis was performed in ASICI (Asociacion
Interprofesional del Cerdo Ibérico) at Zafra (Spain) and following the official method
explained in BOE (27). Two Perkin Elmer chromatographs equipped with a flame ionization
detector (FID) were used, with autosamplers and a fused silica capillary column (20 m x 0.32
mm internal diameter and 0.25 pm film thickness). Intramuscular fatty acid composition was
performed in STAB (Servicio de Técnicas Aplicadas a la Biociencia) from Extremadura
University, where lipids were extracted from muscle according to Bligh & Dyer (28) and
analysed by gas chromatography using a Bruker Scion 456 GC equipped with a FID and a
DB-225ms (Agilent Technologies, Santa Clara, CA, USA) capillary column (30 m x 0.25 mm
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internal diameter and 0.25 pym film thickness). Results were expressed as the percentage of
total fatty acids identified. Out of the total 285 samples, 14 samples were discarded because
there was not enough material for measuring FA composition in one of the two tissues. Thus,
downstream analyses were carried out with 271 samples. Information on the 16 measured

FAs and the three calculated indices is shown in Table 1.

Table 1. Mean relative abundances (%) and standard deviations (SD) of the analysed fatty

acids from backfat and longissimus dorsi muscle.

Group  Trait Backfat Longissimus dorsi
Mean SD Mean SD

SFA C14:0 (myristic acid) 1.57 0.140 1.52 0.147
C15:0 (pentadecanoic acid) 0.03 0.006 0.05 0.034
C16:0 (palmitic acid) 24.94 0.888 27.67 1.986
C17:0 (margaric acid) 0.20 0.037 0.14 0.102
C18:0 (stearic acid) 10.71 0.834 12.46 1.276
C20:0 (arachidic acid) 0.20 0.023 0.18 0.108
SFA (saturated fatty acids) 37.67 1.419 42.02 3.067

MUFA  C16:1 (palmitoleic acid) 2.85 0.482 4.62 0.628
C17:1 (heptadecenoic acid) 0.25 0.038 0.18 0.088
C18:1 (oleic acid) 49.11 1.419 47.75 3.276
C20:1 (gondoic acid) 1.28 0.158 0.67 0.231

MUFA (monounsaturated fatty acids) 53.49 1.266 53.23 3.196

PUFA C18:2 (linoleic acid) 7.64 0.691 3.81 0.758
C18:3 (a-linolenic acid) 0.43 0.043 0.14 0.037
C20:2 (eicosadienoic acid) 0.46 0.047 0.10 0.097
C20:3(n-3) eicosatrienoic acid) 0.06 0.018 0.07 0.054
C20:3(n-6) (dihomo-y-linolenic acid) 0.11 0.041 0.08 0.116
C20:4 (arachidonic acid) 0.14 0.025 0.55 0.291
PUFA (polyunsaturated fatty acids) 8.84 0.751 4.75 1.045
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Short chain fatty acid composition in the rectal content

The abundance of SCFAs in the rectal content was assessed through the analytical method
SM 5560-D, using a Varian CP-3800 gas chromatograph with an FID detector and a
TRB-FFAP (free fatty acids phase) chromatographic column (15 m x 0.53 mm x 0.5 mm).
The FFAP stationary phase was a nitroterephthalic-acid-modified polyethylene glycol (PEG)
column. SCFA composition of the 271 individuals is available in Table 2. In addition, principal
component analysis (PCA) of the SCFA composition was performed with the prcomp

function in R.

Table 2. Mean relative abundances (%) and standard deviations (SD) of the analysed

short-chain fatty acids from rectal content.

SCFA Mean SD

Acetic acid 59.23 2.991
Propionic acid 19.88 1.723
n-Butyric acid 10.13 2.025
iso-Butyric acid 3.1 0.531
n-Valeric acid 2.84 0.347
iso-Valeric acid 4.76 0.682

Correlations and associations analyses between microbiota, SCFA

and FA compositions

Pearson correlations were calculated within and between the traits from the three different
datasets, i.e., microbiota using bacterial genera abundances, SCFA and FA compositions,
using the corr.test function from psych v2.1.9 R package (29). Thereafter, Benjamini and
Hochberg method (30) was applied for multiple testing correction. The significance threshold
was established at p.adj < 0.05. Correlation results were plotted as heatmaps with the
Pheatmap R package (v1.0.12) (31).

In addition, the relationship between the taxonomic data, FA and SCFA compositions in the
271 samples was studied with the mixOmics v6.18.1 R package (32, 33). The two datasets
used as input were (1) the 38 FA phenotypes (16 backfat FA, 16 muscle FA, and 6 SCFA)
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pre-corrected by sex (2 categories, male and female) and batch (4 categories, based on the
slaughter day); and (2) the filtered taxonomic data at genus level, which was normalized
using the centred log-ratio transformation (CLR) option from mixOmics. Then, data was
analysed by two different methods in mixOmics: the regularized Canonical Correlation
Analysis (rCCA), using the shrinkage method (A, = 0.28; A, = 0.15), and the PLS (Partial

Least Squares) method.

Furthermore, the adonis2 function from the vegan R package was used to implement a
PERMANOVA analysis for each phenotype, related with the ASV relative abundances table.
A non-metric multidimensional scaling (NMDS) using Bray-Curtis dissimilarities was carried
out to plot the results together with an ordination diagram, using vegan’s package different

functions.

Functional prediction analysis

PICRUSt2 (34) plug-in for QIIME2 v2021.11 was used to carry out the functional prediction
analysis, using the full-pipeline option and the default parameters to obtain the results. The
KEGG Orthology abundances were then processed with R, we calculated the Pearson
correlations with Benjamini and Hochberg multiple testing correction, and we performed an
association with the FA composition and with the microbial genera through the rCCA method

from mixOmics.
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Results

Taxonomic classification and diversity analysis of gut microbiota

We found 2,671 ASVs in the rectal content of 285 pigs, which were classified in 119 genera,
67 families and 17 phyla. At phylum level, two out of the 17 phyla belonged to the Archaea
domain, Euryarchaeota and Thermoplasmatota. There was only one genus within each of
these two archaeal phyla, Methanobrevibacter and an uncultured Methanomethylophilaceae

genus, respectively.

The two most abundant phyla were Bacteroidota (44.08%) and Firmicutes (38.17%) (Figure
1A). Other remarkable phyla in terms of abundance were Spirochaetota (8.18%) and
Verrucomicrobiota (3.51%). At genus level, Rikenellaceae RC9 gut group (8.98%) was the
most abundant, closely followed by Treponema (7.56%), Prevotella (5.48%) and an
unspecified Muribaculaceae genus (5.27%). The total counts and the relative abundances at

phylum and genus level are available in Supplemental Table S1.

Genus
A | oo LU RGO gut group (8.98 %)
Treponema (7.56 %)
Prevotella (5.48 %)

Muribaculaceae (5.27 %)

UCG-005 (4.6 %)

Clostridium sensu stricto 1 (3.54 %)
Alloprevatella (3.31 %)
Prevotellaceae UCG-003 (3.13 %)
undefined Lachnospiraceae (2.78 %)
UCG-002 (2.76 %)

p-251-05 (2,52 %)

Lactobacillus (2.41 %)

Bacteroidales RF16 group (2.4 %)
Prevotellaceae NK3B31 group (2.22 %)
WCHB1-41 (2.16 %)

NK4A214 group (2.14 %)

Other (38.74 %)

Abundance

08 .

08

55 07

Figure 1. Population diversity in the 285 analysed samples from rectal content. A. Stacked
barplot for the relative abundance of genera. Genera with a total relative abundance lower
than 2% are grouped as “Other”. B. Shannon’s a-diversity in the 285 samples. C. Bray-Curtis

dissimilarities between samples.
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To evaluate the richness and evenness of the gut microbiota, a-diversity was calculated
using the Shannon index. The average value of the a-diversity was 5.82, ranging from 4.73
to 6.45 (Figure 1B). The differences between samples were computed with the Bray-Curtis
dissimilarities. On average, the B-diversity value was 0.72, ranging from 0.54 to 0.9 (Figure
1C). After the rarefaction, the diversity values barely changed; the mean a-diversity was 5.8
[4.72, 6.39] and the mean B-diversity was 0.73 [0.54, 0.91].

Phenotypic analysis

Pearson correlations between tissular FA and rectal SCFA compositions were analysed in
271 samples. The results of such correlations can be found in Supplemental Table S2 and
were represented as a heatmap in Figure 2. In general, the abundance of SFA was strongly
correlated with the abundance of MUFA in both backfat and muscle (p = -0.85 and p =
—-0.94, respectively), while MUFA and PUFA had only a slight negative correlation in muscle
(0 = -0.27). In backfat, PUFA had a strong negative correlation (o = —0.45) with SFA.
However, the unsaturated FAs (C16:1, C17:1, C20:1, C20:2, C20:3(n-3), C20:3(n-6) and
C20:4) had a positive correlation with their respective SFA (C16:0, C17:0 and C20:0). The
only exceptions were the stearic acid (C18:0) and its unsaturated forms (C18:1, C18:2 and
C18:3), which showed negative correlations.
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Figure 2. Heatmap of Pearson correlations between fatty acids in backfat, muscle and rectal
content. “BF” extension means that the FA belongs to backfat and “LD” to longissimus dorsi.
Acetic, propionic, iso- and n-butyric and iso- and n-valeric acids come from rectal content.
Significant correlations were considered with a p-value < 0.05. Non-significant correlations

were set as 0.

Acetic acid was found negatively correlated with all the other SCFAs, especially with
propionic and n-butyric acids (p = -0.67 and p = —0.70 respectively), while propionic and
n-butyric acids had a slight positive correlation between them (o = 0.20).

Phenotype and taxonomy association

The rCCA method from mixOmics was used to assess the relationship between the rectal
microbiota at genus level from the 271 samples with complete data and their rectal SCFA
and FA compositions in backfat and muscle. Figure 3 shows a circular plot of the microbial
genera and the FA with the strongest correlations (regarding the components), showing only
the variables with a component correlation > |0.3|. Globally, the tissular FAs had weaker
correlations with the microbiota than the SCFAs, which showed stronger correlations. The

n-butyric acid had a clear positive correlation with the bacterial genera Prevotellaceae
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NK3B31 group, Anaerovibrio, Oscillospiraceae UCG-005, an uncultured Coriobacteriales,
Subdoligranulum, Prevotella, Lactobacillus and Solobacterium, while the acetic acid was
negatively correlated with the same genera. The two most abundant SCFAs, acetic and
propionic, had lower correlations with the microbiota, and the acetic acid was placed on the
opposing side to propionic and n-butyric acids, showing a negative correlation that can be
also appreciated in Figure 2. After Pearson correlation tests and Benjamini & Hochberg
correction, the strongest positive correlations were found between the levels of n-butyric acid
and Prevotella (o = 0.47), the iso-valeric acid and Oscillospiraceae UCG-002 (p = 0.38), and
the n-valeric acid and archaea of the Methanobrevibacter (o = 0.35) genus. On the other
hand, the n-butyric acid also had the strongest negative correlations with Clostridia vadin
BB60 group (p = —0.36), Akkermansia (p = —0.36), and Oscillospiraceae NK4A214 group (p
= —0.35). Albeit weaker than those reported for the previous SCFAs, the strongest positive
correlations with the acetic acid were with Akkermansia (o = 0.24), Christensenellaceae R-7
group (p = 0.23), and Escherichia-Shigella (o = 0.23), while the strongest negative
correlations were found with Prevotella (o = —0.24) and Prevotellaceae NK3B31 group (p =
—-0.24). It is also worth noting that the strongest positive correlations with propionic acid were
with Prevotellaceae UCG-001 (p = 0.26) and Alloprevotella (p = 0.22), and the strongest
negative correlations were with Christensenellaceae R-7 group (p = —0.28), Oscillospirales
UCG-010 (p = —-0.24) and Clostridium sensu stricto 1 (p = —0.23). All the correlations
between the microbial genera and the FA composition can be found in Supplemental Table
S3.
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Correlation Circle Plot

Component 2

Component 1

Figure 3. Correlation circular plot between the relative abundance of short-chain fatty acids
and bacterial and archaeal genera. For clarity purposes, only variables with a component

value greater than |0.3] are represented.

There were genera correlated with the six SCFAs: Prevotellaceae NK3B31 group and
uncultured Coriobacteriales were positively correlated with propionic and n-butyric acid, and
negatively correlated with acetic, iso-butyric, iso-valeric and n-valeric acids. On the other
hand, Christensenellaceae R-7 group, Oscillospiraceae NK4A214 group and Oscillospirales
UCG-010 were positively correlated with acetic, iso-butyric, iso-valeric and n-valeric acids,

and negatively correlated with propionic and n-butyric acids.

Regarding the FA composition in tissue, Rikenellaceae RC9 gut group had the strongest
correlations with some of the most abundant FAs. In backfat, Rikenellaceae RC9 gut group
had a negative correlation with stearic acid (o = —0.22), while it showed a positive correlation

(p = 0.17) with palmitic acid a negative correlation with oleic acid (o = —0.18) in muscle.
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Figure 4 shows the significant correlations (o > [0.15| and p-value < 0.05) between the FA
phenotypes and the microbial genera. These microbial genera were also correlated with
each other, finding the strongest negative correlation between Prevotella and
Oscillospiraceae NK4A214 group (p = -0.54) and the most positive one between
Ureibacillus and Hydrogenophilus (o = 0.92). A heatmap with the correlations between all

the genera can be found in Supplemental Material S4.
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Figure 4. Heatmap for the significant correlations between genera and fatty acid
composition in backfat (BF) and muscle (LD) and short-chain fatty acid composition in
rectum. Significant correlations were considered at p > |0.15] and p-value < 0.05.

Non-significant correlations were set as 0.
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PLS was conducted to find putative predictors for each FA abundance, its results indicate
the relationship between genera and each specific FA by assigning a positive or negative
weight to each genus to represent their contribution to each phenotype. The results of the
PLS analysis carried out independently for each FA phenotype were in agreement with
Pearson’s correlations and those reported by the rCCA method. Supplemental Table S5
shows the top 10 most contributing microbial genera for each FA. Prevotella was the second
main negative contributor to acetic acid and the main positive contributor to n-butyric acid,
while Akkermansia was the main positive contributor to acetic acid and the second main

negative contributor to n-butyric acid.

The NMDS analysis with the ASV relative abundances reflected a clear relationship between
the ordination of the samples based on their B-diversity values and the relative abundances
of acetic and n-butyric acids (Figure 5). The PERMANOVA results found out that a small
percentage of the B-diversity was explained by the abundance of these SCFAs, 0.85% for
acetic and 1.58% for n-butyric acids. Regarding the FA composition in backfat and muscle,
the results reported a clear relationship between the arachidonic acid in both tissues and the
ordination of the samples. NMDS plots with suggestive PERMANOVA results (p-value < 0.1)
can be accessed at Supplemental Material S6.

Acetic n-Butyric
R2 = 0.0085; p-val = 0.001 R2 = 0.0158; p-val = 0.001

Abundance
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Figure 5. NMDS plots for acetic acid (left) and n-butyric acid (right) with the fatty acid
abundances and R? from PERMANOVA results. Colour saturation represents the SCFA
relative abundance on each sample. Black lines show the estimated distribution of the SCFA

relative abundances regarding the ordination of the samples based on their B-diversity
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values (Bray-Curtis dissimilarities). The less curved and the more parallel straight lines are
represented, the higher relationship between the FA relative abundance and the microbiota

diversity can be assumed.

Functional prediction

From the 2,025 KEGG Orthologs (KOs) found with PICRUSt2, 60 were related with lipid
metabolism, according to the KEGG Orthology hierarchy. Propionic acid had the highest
number of significant correlations with the lipid metabolism KOs, 44 out of the total 60 were
significant, while acetic acid and n-butyric acid had 32 and 28 significant correlations
respectively. The strongest positive correlation of acetic acid was with KO0111 (o = 0.43),
while the strongest negative one was with K06131 (o = -0.3). For propionic acid, the
strongest correlation was with K16363 (o = 0.38), while the most negative one was with the
K00111 (o = -0.42), the same KO as the most positively correlated with acetic acid. In
n-butyric acid the highest positive correlation was with K00655 (o = 0.34), while the
strongest negative one was with K07406 (o = -0.40). In n-valeric acid, the highest
correlation was with KO0648 (p = 0.34) and the most negative one was with KO1048 (p =
—0.37). Iso-butyric and iso-valeric acids had weaker correlations than |0.3|. In general, the
negative correlations were stronger than the positive ones. Figure 6 shows the rCCA results
between the SCFAs and the KOs related with lipid metabolism. This plot highlights the
pattern of the correlations between the KOs and the SCFAs, which follows opposite
directions for acetic versus propionic and n-butyric acids, similarly to the taxonomic results.
In this plot there are two KOs that surpass the 0.5 radius threshold, KO0111 and K03429,
which are two of the KOs with stronger correlations with the three most abundant SCFAs,
positive with acetic (o = 0.43 and p = 0.39 respectively), and negative with propionic (o =
—-0.42 and p = —0.37 respectively) and n-butyric acids (o = —0.25 and p = —0.36 respectively).
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Correlation Circle Plot

Component 2

Component 1

Figure 6. Correlation circular plot between the relative abundance of the short-chain fatty

acids and the KEGG orthologs related with lipid metabolism.

Similarly to the previous results, tissular FAs had weaker correlations with KOs and less
significant results. Only nine FAs (out of 32), eight of backfat (pentadecanoic, margaric,
heptadecenoic, stearic, eicosadienoic, eicosatrienoic, dihomo-y-linolenic and arachidonic
acids) and palmitoleic acid from muscle had stronger correlations than |0.2|, most of them
unclassified, poorly characterised or KOs belonging to different protein families.
Supplemental Table S7 shows the significant correlations between the FA composition and
the KEGG Orthology results.

KOs correlations with microbial genera had higher and more significant values. The highest
correlation was found between Treponema and K00209 (o = 0.71), while the strongest
negative correlation was found between the genus Bacteroidales F082 and K00655 (p =
—-0.58). Supplemental Material S8 shows a heatmap of all the significant correlations

between the KEGG orthologs and the microbial genera.
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Discussion

In this study, we analysed the correlation between the microbiota and SCFA composition of
the rectal content and backfat and muscle FA composition of Duroc x Iberian finishing pigs.
Even though this is not a traditional backcross of Landrace, Pietrain or Large White breeds,
it is a hybrid population used for dry-cured products and the fact that it is a F1 cross
minimises the genetic effect of a F2 three-way cross or backcross. In addition, the samples
were taken at the moment of slaughter and immediately frozen, which gives results that

resemble more the reality in the pig gut than taking faeces samples in the farm.

In accordance with previous studies about the pig gut microbiota in the distal colon (35-38),
Bacteroidota and Firmicutes were the two most abundant phyla in our study, representing
82.25% of the total number of counts. Although Firmicutes were less abundant than
Bacteroidota in our study, Firmicutes usually is the most prevalent phylum along the swine
gastrointestinal tract, while Bacteroidota only has an increased presence in the colon
(39—41). In a previous study of the same population conducted by our research group (12),
Firmicutes and Bacteroidota also represented 82.83% of the total number of counts, albeit
Firmicutes was reported as the most abundant phylum, probably due to the differences
between the databases used for the taxonomic classification (GreenGenes 13.8 and
SILVA138) and the different QIIME versions used (QIIME 1.9.1 and QIIME2 v2021.11.0).
Other studies, conducted with pigs at different age stages and supplemented with probiotics,
also found a higher relative abundance of Bacteroidota versus Firmicutes in faeces (42, 43).
These differences between studies are difficult to address, as the pigs were not raised in the
same conditions, and neither the breeds nor the diets were similar. In addition, the
composition of the gut microbiota is dynamic and changes through age and sections (39, 41,
44). A possible explanation for the higher presence of Bacteroidota than Firmicutes in our
study may be due to the adaptation of the microbiota to the diet, supported by the fact that
three out of the four most abundant genera belonged to the Bacteroidota phylum
(Rikenellaceae RC9 gut group, Prevotella and an unspecified Muribaculaceae genus),
whereas the remaining one (Treponema) belonged to the Spirochaetota phylum. Prevotella
is usually reported as one of the most abundant genera in the porcine colon and it is
favoured in the gut of pigs and human populations with high-fibre diets (45, 46). In the same
manner, the levels of Muribaculaceae decrease in high-fat-fed and trans-fatty-acid-fed obese
rats (47), and together with Rikenellaceae RC9 gut group, pigs supplemented with a fruit and

vegetable diet also had an increase of Muribaculaceae (48).

The strongest correlation found between all the FA phenotypes and the microbiota
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composition was between the relative abundances of Prevotella and n-butyric acid. In
agreement with the PLS results, Prevotella was the highest positive contributor to the levels
of n-butyric acid in the rectal content and the second highest negative contributor to acetic
acid levels after Prevotellaceae NK3B31 group. Remarkably, Prevotella was found
negatively correlated with acetic acid and with butyrate-producing clostridia. Thus,
unsurprisingly, some of these butyrate-producing bacteria were positively correlated with the
acetic acid and negatively correlated with the n-butyric acid. Gut butyrate can be produced
through four pathways, having one of them the acetate as the main intermediate product,
whereas the other ones use succinate, glutarate or lysine (49). Although our 16S rRNA gene
sequencing method was not designed for the taxonomic classification at species level, the
results suggest that Prevotella genus is involved in the succinate pathway, hinting that the
species present in the samples may be P. copri or P. ruminicola (50, 51). P. copri is the most
abundant species of the Prevotella genus in the gut of adult pigs (52) and produces
succinate as a metabolite, which can be transformed to butyrate through its conversion to
butyryl-CoA (53).

Spirochaetota was the third most abundant phylum, mainly due to the abundance of
Treponema. Treponema has been associated with crude fibre digestibility (44) and feed
efficiency (54). This genus plays a role in dietary fibre degradation in finishing pigs (44),
which provides energy to the host catabolizing indigestible components (55). The negative
correlation found between Treponema and Prevotella has been already reported in pigs (56,
57), possibly due to the fact that both genera may compete for the degradation of the dietary
fibre. However, Prevotella genus can break down dietary polysaccharides, such as
arabinoxylans from wheat and barley, and produce SCFAs (58), while Treponema has an
essential role in catabolizing dietary non-digestible components, such as cellulose and lignin
(44).

The most abundant taxon at genus level, Rikenellaceae RC9 gut group, was negatively
correlated with the stearic acid levels in backfat and the oleic acid levels in muscle, while it
was also positively correlated with the content of palmitic acid in muscle. Supporting this
finding was the strong negative correlation observed between palmitic and oleic in both
tissues. As previously mentioned, Rikenellaceae RC9 gut group was negatively correlated
with Prevotella, whereas it was positively correlated with another member of the same family,
Rikenellaceae dgA-11 gut group. Rikenellaceae RC9 gut group may be involved in fatty acid
metabolism, as suggested in (59). It has been found in higher abundance in high-fat fed
mice than in control animals (60, 61), and it is a dominant genus in the ileum of pigs with low

food conversion ratio (62). These results may suggest the negative role of Rikenellaceae
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RC9 gut group in meat quality.

Despite Akkermansia not being as abundant as other genera, it presented a positive
correlation with acetic acid and a negative correlation with n-butyric acid. The positive
correlation with acetic acid can be explained because A. muciniphila, the main species of
this genus, breaks down the mucin of the colon, producing acetic and propionic acids (63).
The PLS results showed Akkermansia as the first positive contributor to acetic acid and the
second negative contributor to n-butyric acid after Clostridia vadin BB60 group. These
results for Akkermansia were in contraposition to the relationship with acetic and n-butyric
acid reported for Prevotella; thus, as expected, a negative relationship between
Akkermansia and Prevotella was observed in our rCCA and PLS results. This antagonistic
relationship has also been found in certain situations in the human gut microbiome (64, 65).
Regarding its potential role, Akkermansia belongs to the Verrucomicrobiota phylum and has
been related with host health, having a reduced presence in mouse models with metabolic
disorders (66). It also has been reported its negative relationship with obesity development
in humans and other species (67). In summary, the Akkermansia genus could be a

biomarker of gut health, as it has been reported in humans (68).

Methanobrevibacter (phylum Euryarchaeota) and the uncultured Methanomethylophilaceae
(phylum Thermoplasmatota) were the only archaeal genera found, but they were not
significantly correlated between them. These two archaea are methanogens, and although
methane increases SCFA production (69), their correlation with all the studied SCFAs was
not always positive. Both genera had negative correlations with n-butyric acid and positive
correlations with n-valeric acid. In addition, Methanobrevibacter was positively correlated
with acetic, iso-butyric and iso-valeric acids. Methanogens from genus Methanobrevibacter,
such as M. smithii, need acetate to grow (70), which means that in an environment rich in

acetate they will be found in higher abundance.

Regarding the functional analysis, the two KOs related with lipid metabolism with the
strongest correlations were K00111 and K03429, both with positive correlations with acetic
acid and negatives with propionic and n-butyric acids. These two KOs play a role in lipid
metabolism, KO00111 is the glycerol-3-phosphate dehydrogenase [EC:1.1.5.3], which is
involved in glycerophospholipid metabolism. This enzyme can be found in the bacterial
cytoplasmic membrane and catalyzes the change from glycerol 3-phosphate to glycerone
phosphate and vice versa (71, 72). Glycerol is a constitutive molecule of lipids and
glycerophospholipids, and is key to phospholipid biosynthesis and carbon metabolism, while
glycerone phosphate is involved in glycolysis (73). Glycerol and glycerone phosphate can be

fermented and transformed in simpler molecules such as acetate, propionate or butyrate,
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which will depend on the environmental conditions and bacteria found (74).

K03429 is the processive 1,2-diacylglycerol beta-glucosyltransferase [EC:2.4.1.315] and is
involved in different pathways such as glycerolipid metabolism or teichoic acid biosynthesis.
This enzyme catalyzes the reversible transformation from diacylglycerol to
monoglucosyldiacylglycerol, from this one to diglucosyldiacylglycerol, which can be
transformed  into  lipoteichoic  acid, and from  diglucosyldiacylglicerol  to
triglucosyldiacylglycerol (71, 75). Lipoteichoic acid can be found in the cell wall of gram
positive bacteria that belong to Firmicutes phylum, such as clostridia (76). Our results
showed positive correlations of different clostridia (Clostridia UCG-014, undefined Clostridia,
Clostridia vadin BB60 group and Clostridium sensu stricto) with acetic acid and negative
correlations with propionic and n-butyric acid, most of them significant, which agrees with

this finding in the functional prediction.

On the other hand, K0O0655 and K16363 showed positive correlations with n-butyric and
propionic acids (they were the strongest correlation for the respective SCFA) and negative
with acetic acid. KO0655 is the 1-acyl-sn-glycerol-3-phosphate acyltransferase [EC:2.3.1.51],
which is involved in phosphatidic acid production and, therefore, in cell membrane
composition. To our knowledge, there is no previous report of a relationship found between
K00655 and butyrate, but interestingly this KO was the one with the strongest negative
correlation with a microbial genus, F082, which is a member of the order Bacteroidales. This
genus also had a slight negative correlation with n-butyric acid and no significant correlation
with propionic acid, although Bacteroidales F082 is considered a propionate producer in

rumen (77), but its role in intestinal fermentation is not well defined yet.

K16363 encodes for UDP-3-O-[3-hydroxymyristoyl] N-acetylglucosamine deacetylase /
3-hydroxyacyl-[acyl-carrier-protein] dehydratase [EC:3.5.1.108 4.2.1.59]. The first enzyme is
involved in the first step of the lipopolysaccharide production and, therefore, in the cell
membrane of gram-negative bacteria (78), such as Phascolarctobacterium, Sphaerochaeta,
Anaerovibrio, Bacteroidales RF16 group or all the members of the Prevotellaceae family,
with which the correlations were positive. This KO had negative correlations with

gram-positive bacteria such as clostridia.

Treponema and K00209 shared the strongest Pearson correlation. KO0209 encodes for
enoyl-[acyl-carrier protein] reductase / trans-2-enoyl-CoA reductase (NAD+) [EC:1.3.1.9
1.3.1.44], which is involved in fatty acid biosynthesis and elongation. Trans-2-enoyl-CoA
reductase (NAD+) was described for the first time in the microalga Euglena gracilis (79), but

the first enzymatic characterization of a trans-2-enoyl-CoA reductase was done in
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Treponema denticola (80). This family of proteins are involved in fatty acid biosynthesis, but
they work with CoA esters instead of ACP-esters (79).
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Conclusions

In summary, the most abundant phyla found in rectal content were Bacteroidota and
Firmicutes, while the most abundant genera, Rikenellaceae RC9 gut group, Treponema,
Prevotella and an unspecified Muribaculaceae belonged to the Bacteroidota or
Spirochaetota phyla. While some bacteria may be involved in the lipid metabolism of the
host, as indicated by the correlations observed between their abundances and the FA
composition, specifically the SCFA content in the gut, these relationships were weak, maybe
due to the indirect and long paths between both phenotypes. Of note, the levels of
Akkermansia and Prevotella were negatively correlated in our study, and their main positive
or negative contribution to acetic and n-butyric acid in the rectal content strengthen their role
as potential biomarkers for these two SCFAs. The functional prediction analysis showed
coherent results regarding the relationships between the KEGG orthologs and the microbial
genera or the SCFA. The most abundant genus, Rikenellaceae RC9 gut group, had the
highest correlations with stearic, palmitic and oleic acid levels in backfat and muscle, further
indicating the potential, although indirect, role of the microbiota in the modification of the FA
composition in tissue. Nonetheless, FA composition is a cumulative trait that is developed
and changed throughout the life of the animal, same as the modification of the microbiota
that growing animals experiment. Thus, further analyses are warranted to measure the
microbiota and the FA composition in different time-points, to better determine the

implications of the microbiota over the FA composition in tissue.
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Abstract

Bacterial communities are usually studied with 16S rRNA gene sequencing methodologies,
which often provide taxonomic information only up to the genus level. In this study, we
compared the abundance and activity between the metagenome and metatranscriptome of
pigs with extreme differences in SCFAs content in their rectal content. At phylum level,
Firmicutes and Bacteroidetes were the most active and abundant, but Spirochaetes showed
higher activity than expected relative to its abundance. At genus level, Clostridium was the
most active, despite being third in abundance after Bacteroides and Prevotella. Differential
metatranscriptomic analysis reported the potential role of Clostridium and Lactobacillus
species, as acetate producers, in modulating SCFA content. Additionally, Akkermansia
glycaniphila was also identified as an acetate producer, while Prevotella copri was more
active in samples with high butyric acid content, supporting its role in butyrate production via
the butyryl-CoA pathway. Overall, our findings highlight the potential limitations of relying
solely on metagenome datasets rather than metatranscriptome data for functional and

taxonomic analyses.
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Introduction

The gut microbiota is composed of trillions of microorganisms that play an essential role in
the health and disease of the host (Thursby & Juge, 2017). While the disruption of the
homeostasis by pathogens causes a dysbiosis and has different negative consequences in
the host such as enteric or systemic diseases (Carding et al.,, 2015), the symbiotic
microbiota has multiple and beneficial functions in immunity and metabolism (Koh &
Backhed, 2020; Rooks & Garrett, 2016). The gut microbiome changes along the intestine,
depending on the diet and the age of the individual, but also on the genetic background and
immunity status (Crespo-Piazuelo et al., 2018; Kurilshikov et al., 2017; Rinninella et al.,
2019). Individuals with an imbalance in the gut microbiota, also referred to as dysbiosis, can
manifest symptoms such as diarrhoea. In pigs, these diarrhoeas are typically found at
weaning, one of the most challenging moments in pig production, where the piglets worsen
their performance, resulting in important economic losses (Gresse et al., 2017; Lallés et al.,
2007).

Gut microorganisms are able to break down dietary fibres and produce metabolites such as
short-chain fatty acids (SCFAs) (Ramakrishna, 2013), from which the most abundant ones in
the rectal content are acetate, propionate and butyrate. They can act as an energy source
for colonocytes or pass through the enterocytes to blood circulation and participate in

different processes such as lipid metabolism (Morrison & Preston, 2016).

Gut bacterial communities are usually analysed through 16S rRNA gene sequencing
techniques, which examine the hyper-variable regions of the bacterial and archaeal 16S
subunit of the rRNA gene, allowing the taxonomic classification of a high number of samples
at genus or species level (Johnson et al., 2019). On the other hand, metagenomic analyses
sequence the whole genome of all the different microorganisms contained within a sample,
quantifying and giving a deeper taxonomic classification at species and strain level than 16S
rRNA gene sequencing analyses (Jovel et al., 2016; Ranjan et al., 2016). Metagenomic
analyses also have the advantage of inferring the functions of the species present within the
sample (Ranjan et al., 2016), but their main drawback is that the sequenced microbiota may
not be active. Thus, metatranscriptomic techniques target the mRNA of the samples as it is
more accurate for representing active species and their expressed genes (Bashiardes et al.,
2016). These studies become very important when trying to understand the microbial gut
populations, as they interact closely with the host (Patil et al., 2020; Quince et al., 2017; Y.
Zhang et al., 2021).
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The aim of this work was to study the differences between the abundance and the activity of

the gut microbiota in two groups of pigs differentiated by their SCFAs content.
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Materials and methods

Animal material and DNA/RNA sequencing

A total of 26 healthy pigs belonging to a commercial F1 Iberian x Duroc population were
used in this study. The rearing conditions and the sampling are defined in (Sebastia et al.,
2024). In brief, the animals were kept in intensive conditions and fed with a cereal-based
commercial diet. Samples from the rectal content were collected at the slaughterhouse,
snap-frozen in liquid nitrogen and preserved at -80 °C until further use. 20 of the pigs were
used for metagenomic analyses and were selected from the original population based on
SCFA content of the rectal content samples, which was evaluated with gas chromatography.
For each sample, 0.2 g of rectal content were used to extract the microbial DNA with the
PowerFecal kit (MoBio Laboratories, Carlsbad, CA, USA) following the manufacturer’s
recommendations. DNA purity and concentration were measured through a ND-1000
spectrophotometer. Samples were sequenced in two runs of an lllumina Hi-Seq 3000/4000
instrument (lllumina, San Diego, CA, USA) in the Sequencing Unit of the CNAG (Centre
Nacional d’Analisi Genomica) using 2 x 150 bp paired-end reads. An average of 25.64
million of read-pairs per sample [20.00 - 31.07 million] was obtained, with a total size of

154.88 Gb (having an average size of 7.74 Gb per sample).

Metatranscriptome analyses were performed on 24 pigs based on SCFAs content (18
animals were selected for both metagenomic and metatranscriptomic analyses). For each
sample, microbial RNA was extracted using the Macherey-Nagel NucleoSpin RNA stool kit
(Macherey-Nagel GmbH & Co. KG, Germany). The extracted RNA was sequenced in an
lllumina NextSeq High Output kit (lllumina, San Diego, CA, USA) in the Sequencing Service
of the FISABIO (Fundacié per al Foment de la Investigacié Sanitaria i Biomedica de la
Comunitat Valenciana) using 2 x 150 bp paired-end reads. There were obtained an average
number of 16.38 million reads per sample [10.92 - 19.19 million], and with a total size of
95.77 Gb (with an average of 3.99 Gb per sample). FISABIO Sequencing Service performed
a first quality control of the samples, establishing a minimum read length of 50 bp and
removing the samples with a Phred score lower than 20. Therefore, the remaining reads on
average were 15.52 million per sample [9.82 - 18.55 million], and with a total size of 88.77

Gb (with an average of 3.7 Gb per sample).
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Bioinformatics analyses

Taxonomic and functional classification

For metagenomic samples, bioinformatics analyses were performed using the software
metaWRAP v1.3.2 (Uritskiy et al., 2018). Quality control was carried out on the raw fastq
files generated in the sequencing with the metaWRAP module read_qc and its default
parameters, which uses the programmes Trim-galore v0.6.6, bmtagger v3.101 and FASTQC
v0.11.9. This step removed the lllumina adaptors as well as the host reads. Quality control
discarded an average 20.89% of the sequences, which mainly belonged to the pig genome.

An average of 20.28 million reads per sample was conserved.

For each sample, the two lllumina runs were later co-assembled, binned, and processed
with the different metaWRAP modules from the standard pipeline and their default values. A
complete list of all the modules included in the software, as well as their function and the
programmes they use, can be found in the Supplementary Table S1a. The Blobology module
assigned a putative taxonomy for each contig, and they were filtered to keep only the

Bacteria and Archaea domains.

Prior to the metatranscriptomic analysis, the module read_qc from metaWRAP was applied
to filter out the RNA sequences that belonged to the host. This step detected an average
19.02% of pig sequences, leaving an average of 12.57 million reads per sample for the
subsequent analyses. Then, SAMSA v2.2.0 (Westreich et al., 2018) was used to obtain a
taxonomic and functional classification. A second quality control was carried out with
SAMSA2 integrated program Trimmomatic v0.36, using the default values (a minimum Phred
score of 33 and a minimum sequence length of 70 bp), which filtered out the low-quality
reads and the lllumina adaptors of the metatranscriptomic samples. Forward and reverse
files of each sample were merged with the program PEAR v0.9.8, and the merged files were
analysed with SortMeRNA v2.1, which removed the rRNA sequences. The ribodepleted files
were annotated with DIAMOND v0.8.3 based on RefSeq database, which was used to
annotate the microbial species and was later aggregated with the Python script
DIAMOND_analysis_counter.py and analysed with different SAMSA2 R scripts. For a
complete description of SAMSA2 integrated programs and functions, see Supplementary
Table S1b.

For metatranscriptomics functional analysis, filtered samples were processed with kallisto
v0.48.0 software (Bray et al., 2016), using the reference catalogue of the pig gut microbiome

(Xiao et al., 2016). First, the reference genome was indexed using a kmer length of 21, and
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after that the samples were quantified with the indexed reference genome. The reference
catalogue included 7.7 million genes, which were merged into 7,012 KOs (KEGG
Orthologies).

Differential expression analysis

Metatranscriptomic data was explored with a differential expression analysis. Samples were
divided in two groups (high vs. low) based on their abundance of each of the three main
SCFA (i.e., acetic, propionic, and n-butyric acids), resulting in six samples per group. The
raw microbial taxonomic and functional classifications were filtered to remove low-abundant
taxa and KOs (0.005% minimum abundance threshold). Filtered data was analysed with the
DESeq2 v1.36 package (Love et al., 2014). Taxa or KOs with an adjusted p-value < 0.05 and
[log2 fold change (FC)| = 1.5 were considered significant. MA and Volcano plots were
created with the EnhancedVolcano v1.13.2 R package (Blighe et al., 2019).

Table 1. Average content (%) of high and low groups for the three studied SCFAs.

High group Low group

Acetic acid 64.61 52.42
Propionic acid 22.10 16.67
Butyric acid 14.24 7.48
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Results

Taxonomic classification and comparison

In the 20 metagenomic samples, Blobology found 59 bacterial and archaeal phyla, which
were divided into 1,466 bacterial and archaeal genera and 6,476 species. Firmicutes,
Bacteroidetes and Proteobacteria were the three most abundant phyla, with 44.74%, 24.82%
and 11.48% of the relative abundance, respectively (Figures 1a and 2a). Out of all the
bacterial and archaeal sequences, 4.67% remained unclassified at phylum level. At genus
level, Prevotella, Bacteroides and Clostridium were the three most abundant taxa, with
6.54%, 6.43% and 4.90% of the total abundance, respectively (Figures 1b, 2b and 3).

In the metatranscriptomic analysis, 38 bacterial and archaeal phyla were found in the 24
samples, which were divided into 1,895 bacterial and archaeal genera and 8,282 species.
The most abundant phyla were Firmicutes and Bacteroidetes, with 49.65% and 27.33% of
the total relative abundance (Figures 1c and 2b). Other abundant phyla were Spirochaetes
(8.35%) and Proteobacteria (7.70%). Only 0.18% of the sequences remained not annotated
at phylum level. The most abundant genus was Clostridium, representing 18.15% of the total
abundance (Figures 1d, 2b, and 3). Other abundant genera were Treponema (7.15%),
Prevotella (5.37%), Bacteroides (5.30%) and Lactobacillus (5.21%).

When comparing the metagenome and the metatranscriptome datasets at phylum level,
Spirochaetes showed higher activity than expected relative to its abundance (Figure 2a).
Conversely, Actinobacteria and Proteobacteria were less active than expected. At genus
level, Clostridium was the most active, despite being third in abundance (Figures 2b and 3).
The most abundant genera were Bacteroides and Prevotella, although Treponema was the
second most active genus. Altogether, with the inclusion of Lactobacillus, the top 5 genera
were also the 5 most active. Notably, some genera such as Dorea, Dysgonomonas and
Butyriciccocus were more active than abundant, whereas Acutalibacter showed lower

activity than expected relative to its abundance.

Although fewer species were initially found in the metagenome dataset (n = 6,476)
compared to the metatranscriptome dataset (n = 8,282), after filtering out those genera with
a relative abundance lower than 0.005% in both datasets, 4,809 species remained in the
metagenome dataset and 2,571 in the metatranscriptome dataset. All the species found in

the metatranscriptome dataset were already found in the metagenome analysis (Figure 4).
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Figure 1. Stacked area plots representing the relative abundance of top 10 classified taxa of
the metagenomic and metatranscriptomic analyses. a) Metagenomic results at phylum level.
The rest of the 49 annotated phyla were grouped as “Other”, which accounted for 2.74% of
the total abundance. b) Metagenomic results at genus level. The rest of the 1,456 annotated
genera were grouped as “Other”, which accounted for 54.76% of the total abundance. c)
Metatranscriptomic results at phylum level. The rest of the 28 annotated phyla were grouped
as “Other”, which accounted for 0.76% of the total expression. d) Metatranscriptomic results
at genus level. The rest of the 1,884 annotated taxa were grouped as “Other”, which
accounted for 37.07% of the total expression.
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Metagenome

2238

Metatranscriptome

Figure 4. Venn diagram representing the shared species between the metagenome and
metatranscriptome datasets. Species with a relative abundance lower than 0.005% were

filtered in both datasets.

Metatranscriptomic analysis

In addition to the taxonomy classification extracted from the metatranscriptomic dataset,
KOs were also identified and quantified to further understand the metabolic functions and
biological processes within the metatranscriptome. Of the 7,012 KOs in the pig gut reference
catalogue (Xiao et al., 2016), 5,544 were found at least once in the metatranscriptomic
samples. The most abundant KO was K06421, which codifies for the small acid-soluble
spore protein D (minor alpha/beta-type SASP), with almost half of the total estimated counts
(47.51%). Other abundant KOs codified for an anti-repressor protein (K07741; 8.66%);
peroxiredoxin 2/4 (K03386; 2.59%), GTPase (K07588; 1.63%), and the elongation factor Tu
(K02358; 1.07%).

The metatranscriptomic results were analysed to assess the differences in activity of the
species and in expression of KOs based on the content of the three main SCFA in the
samples. In general, samples with high acetic acid content had low propionic and butyric
acid content, and vice versa. This opposite behaviour is illustrated in Figure 5, where the
arrows indicate this relationship. The results of the metratranscriptomic analysis can be

found in Supplementary Table S2.
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Figure 5. PCA biplot with the sample distribution based on the three main SCFAs content.
Samples are coloured depending on their batch, which was taken into account to choose the

high and low animals for each SCFA.

Acetic acid

There were 24 species that showed differential activity between samples with high and low
acetic acid content: 19 more active in samples with high acetic acid content and five were
more active in samples with low acetic acid content (Figure 6a). Out of these 19 species
more active in high-acetic samples, one was Akkermansia glycaniphila and another seven
were from the genus Lactobacillus, including L. reuteri. The five species more active in
low-acetic samples had a relatively low abundance. The most significantly active species

between groups was Clostridium hydrogeniformans.

Regarding the functional results, 11 KOs were differentially expressed between groups,
being nine of them over-expressed in samples with high acetic acid content (Figure 6b). The

two most significantly over-expressed KOs were KO0356 and K06346.
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Figure 6. Differential abundance analysis between samples with high and low acetic acid
content. a) MA plot showing the differences in bacterial activity. Species with log2FC < -1.5
were more active in high-acetic gut samples. Significantly active species (adjusted p-value <
0.05) are marked in black. b) Volcano plot representing the differentially expressed KOs.

KOs with log2FC < -1.5 were more expressed in high-acetic gut samples.

Propionic acid

The study of the differentially active species between samples with differing propionic acid
content followed a mirrored-like distribution as the one observed for the acetic acid. A total of
33 species exhibited significant differential activity (Figure 7a). Among these, 28 species
showed higher activity in samples with low propionic acid content. These included
Akkermansia glycaniphila, six species of Clostridium, Escherichia coli, four species of
Lactobacillus and Shigella sp. The most significantly active species was Klebsiella
pneumoniae, followed by C. hydrogeniformans. The five genera that were more active in
high-propionic samples were also the same ones that showed higher activity in low-acetic

samples.

In the functional analysis, 14 KOs were differentially expressed between groups: five of them
over-expressed in high propionic acid content samples and nine in low-propionic samples
(Figure 7b). The two most significantly over-expressed KOs were K04047 and K10254,
which had a higher expression in low-propionic samples and were also found

over-expressed in high-acetic samples.
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Figure 7. Differential abundance analysis between samples with high and low propionic acid
content. a) MA plot showing the differences in bacterial activity. Species with log2FC < -1.5
were more active in high-propionic gut samples. Significantly active species (adjusted
p-value < 0.05) are marked in black. b) Volcano plot representing the differentially expressed

KOs. KOs with log2FC < -1.5 were more expressed in high-propionic gut samples.

Butyric acid

Similar to the distribution observed in the propionic acid analysis, 25 species exhibited
differential activity between samples with high and low butyric acid content (Figure 8a).
Samples with high butyric acid content had four significant active species, including
Prevotella copri and Prevotella stercorea. The 21 significantly active species in low-butyric
samples included Akkermansia glycaniphila, Escherichia coli, and Shigella dysenteriae,

which was the most significant one.

The functional results showed six KOs over-expressed in samples with low butyric acid
content, while no under-expressed KOs were obtained (Figure 8b). The most significantly

over-expressed KO was K06346.
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Figure 8. Differential abundance analysis between samples with high and low butyric acid
content. a) MA plot showing the differences in bacterial activity. Species with log2FC < -1.5
were more active in high-butyric gut samples. Significantly active species (adjusted p-value <
0.05) are marked in black. b) Volcano plot representing the differentially expressed KOs.
KOs with log2FC < -1.5 were more expressed in high-butyric gut samples.
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Discussion

In this study, we compared the metagenome and the metatranscriptome of pigs with extreme
differences of SCFAs content in their rectal content. The most abundant and active phylum
was Firmicutes, which represented almost half of the microbial populations, followed by
Bacteroidetes. These two phyla are usually the most abundant in the pig hindgut; Firmicutes
is the dominant taxon in the small bowel along with Proteobacteria, while Bacteroidetes
abundance is lower in the small intestine, increasing its presence in colon (Crespo-Piazuelo
et al., 2018; L. Zhang et al., 2018; Zhao et al., 2015). The ratio Firmicutes/Bacteroidetes was
similar in both metagenome and metatranscriptome datasets. However, the Spirochaetes
phylum, mainly represented by Treponema, showed higher activity than expected relative to
its abundance. In addition, other phyla were less active than expected relative to their
abundance, mainly Actinobacteria and Proteobacteria. In this context, further studies are
required to unveil these discrepancies as bacterial processes, such as genetic regulation,
microbial and host interaction, sporulation or environmental effects could modulate the
activity of certain bacteria. Furthermore, some of the sequenced bacteria in the metagenome
dataset could be residual from the upper parts of the gut, and thus, not be active. Supporting
this hypothesis, all the species found in the metatranscriptome dataset were also found in

the metagenome results.

At genus level, the most active genus was Clostridium, representing almost a fifth of the total
active genera, despite being third in terms of abundance. Clostridium is considered a core
genus of the pig gut microbiota, and its abundance is higher in grown pigs than in piglets
(Wang et al., 2022). This clade is divided into 19 clusters, but the clostridia found in the
healthy gut of humans and animals, and specifically in the colon, belong mainly to clusters IV
and XlVa (Guo et al., 2020). These clusters produce a wide variety of metabolites, including
different SCFA among them, such as acetate (Zhu et al.,, 2022). In agreement with
Clostridium being the most active genus, the most abundant KO was K06421 (sspD), a gene

typically found in Bacillus and Clostridium (B. Setlow et al., 1992).

In the differential metatranscriptomic analysis, where bacterial activity can be compared
through the gene expression profiles of the bacterial communities, the most active species
found for the samples with high acetic acid content was Clostridium hydrogeniformans.
Despite C. hydrogeniformans being characterised by its production of hydrogen, it can act as
an acetate producer, and to a lesser extent, butyrate (Bowman et al., 2010). Lactobacillus
reuteri was also more active in samples with high acetic acid content. L. reuteri, like other
obligate heterofermentative lactobacilli, produces lactic acid together with ethanol and acetic
acid (Hammes & Hertel, 2009; Oh et al., 2019; Slavica et al., 2015). Furthermore, L. reuteri
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has been used as a probiotic to prevent the development of acetic acid-induced colitis in rats
(Fabia et al., 1993). Following with the propionic results, we have already described a
mirrored distribution in the MA plot of acetic acid, consistent with the negative correlation
between these two SCFA and the use of the relative abundances for the analysis. Here,
Escherichia coli and Shigella sp. were more active in low-propionic samples. E. coli is one of
the most well-known bacteria in pig production, and it has been reported that its excretion of
acetate can inhibit bacterial growth (Pinhal et al., 2019). Shigella sp., another member of the

Enterobacteriaceae family, behaves similarly to E. coli (Zha et al., 2024).

Species already described as acetic acid producers, such as E. coli and Shigella
dysenteriae, were more active in low-butyric samples. However, Prevotella copri and
Prevotella stercorea were few of the species more active in animals with high content in
butyric acid. Prevotella was the third most expressed genus (after Clostridium and
Treponema) and the most abundant one, which agrees with the fact that this taxon is
frequently found as one of the most abundant in the distal colon of pigs (Crespo-Piazuelo et
al., 2018; Holman et al., 2017; Quan et al., 2020). P. copri is one of the most common
species of this genus in the pig gut, followed by P. stercorea and P. ruminicola (Amat et al.,
2020). This species produces succinate (Franke & Deppenmeier, 2018), which may
generate propionate or, alternatively, be transformed into butyrate through the butyryl-CoA
pathway (Oliphant & Allen-Vercoe, 2019). In our previous work (Sebastia et al., 2024), we
found the levels of the Prevotella genus positively correlated with those of the butyric acid in

the rectal content.

Through the three differential metatranscriptomic analyses, Akkermansia glycaniphila was
more active in pigs with high content of acetic acid and with low content of propionic and
butyric acids. The Akkermansia genus is one of the few genera within the Verrucomicrobia
phylum, and was found to be positively correlated with the levels of acetic acid measured in
a larger population (n = 285), which included the same animal material used for this study
(Sebastia et al., 2024). Accordingly, the members of the Akkermansia genus have been
reported as acetate producers (Abbasi et al., 2023; Dao et al., 2016; Derrien et al., 2004).
Firstly described in the digestive tract of pythons (Ouwerkerk et al., 2017), A. glycaniphila
was later found in the human gut (Glover et al., 2022; Lv et al., 2022). The fact that A.
glycaniphila was more active in pigs with a high abundance of acetic acid suggests that this
species can be an acetate producer as Akkermansia muciniphila. To the best of our
knowledge, this is the first study reporting A. glycaniphila as a species of the pig gut

microbiota.
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The functional analysis showed common proteins found in many bacterial species as the
most abundant ones. The small acid-soluble spore protein D (minor a/B-type SASP) was the
most expressed KO by far, representing almost half of the KO abundance. a/p-type SASP
proteins are synthesised when the spore is formed and are among the most abundant ones
in the core of the structure. By binding to the spore DNA, they protect it from damage caused
by chemicals or heat (Koopman et al., 2022; P. Setlow, 2006, 2007). Spore-forming bacteria
belong to the Firmicutes phylum (Hutchison et al., 2016) and are part of the commensal
bacteria of the gut, in which can be found in vegetative or spore form depending on the

environment and the microorganism traits (Browne et al., 2016).

Interestingly, the second most expressed KO was an anti-repressor protein (antB) found in a
wide variety of bacteriophages, which allows the over-expression of the phages (Azulay et
al., 2022). The gut virome is still largely unknown, but in the recent years there have been
published several human gut virome databases (Li et al., 2022). Even though our analysis
did not study viral data, this finding hints an important activity of bacteriophages in the

microbial cells of the pig gut.

The next most expressed proteins were the bacterial peroxiredoxin AhpC, which is involved
in cell protection (Parsonage et al., 2008); the GTPase argK, involved in amino acid
transport (Dobson et al., 2002); and the elongation factor Tu (as tuf gene), which performs
various functions both in the cytosol and on the cell surface of prokaryotic and eukaryotic

cells (Harvey et al., 2019).

Regarding the differential expression analysis, the KOs found most expressed when there
was low content in propionic or butyric acids were also found in a high acetic content, as this
last SCFA abundance follows a negative correlation with the other two. The most expressed
KO in animals with high acetic content was a hypothetical protein encoded by the KEGG
ortholog K00356, which was also found over-expressed in low propionic content. In a similar
way, starvation-inducible DNA-binding protein (K04047, dps) and oleate hydratase (K10254,
ohyA, sph) were the most differentially expressed proteins in samples with low propionic
content, and were also found over-expressed in high acetic content. In turn,
spolllJ-associated protein (K06346, jag) was over-expressed in low butyric content, while it

was found over-expressed in samples with high acetic content.

Both jag and dps proteins are expressed in harsh environment conditions, in response to
starvation that results in sporulation in some species. The ohyA protein is an unsaturated
fatty acid hydratase that produces hydroxy-fatty acids that suppress the inflammatory
response and therefore they create a better environment for the bacteria (Miyamoto et al.,

2015; Radka et al., 2021). These harsh environment adaptations are found in samples with
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high content in acetic acid and low in propionic and butyric acids, which agrees with the

finding of acetate as substrate for sporulating bacteria (Sarrafzadeh et al., 2014).
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Conclusions

This work aimed to compare bacterial abundances and activity between the metagenomic
and metatranscriptomic datasets obtained for the pig gut microbiota and their potential
relationship with SCFA production. As expected, the two main phyla in both datasets were
Firmicutes and Bacteroidetes. However, Spirochaetes showed higher activity than expected
relative to its abundance, while Actinobacteria and Proteobacteria were less active than
expected. At genus level, Clostridium was the most active, but Bacteroides and Prevotella
were the most abundant. The differential metatranscriptomic analysis revealed that
Clostridium and Lactobacillus species, and C. hydrogeniformans and L. reuteri in particular,
were more active in samples with high acetic acid and low propionic acid content.
Additionally, Akkermansia glycaniphila was identified as an acetate producer, being less
active in high-propionic and high-butyric samples, while Prevotella copri was more active in
samples with high butyric acid content, supporting its role in butyrate production via the
butyryl-CoA pathway. Functional analysis highlighted significant expression of spore-related
proteins and bacteriophage activity, such as antB. Overall, our findings underscore the
potential bias of relying exclusively on metagenome datasets rather than metatranscriptome
data for functional and taxonomic analyses. Additionally, we also reported some species
such as A. glycaniphila and P. copri that could be used as probiotics to modulate SCFA gut

profiles.
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Abstract

Meat quality in pigs is highly influenced by the fatty acid content and profile, where the liver
has a key role. In turn, the gut microbiota has an impact in the fatty acid composition and
maintains a close interrelation with immunity, given the negative effects of dysbiosis and
disease on growth and carcass performance. In this study, we aimed to identify potential
microbial predictors of gene expression in the liver at the time of slaughter. We found several
bacterial genera such as Caccousia, Eubacterium, Floccifex, Mediterraneibacter, SFLAO1T,
and Streptococcus, which may influence the expression of key genes related with liver
metabolism and functions of genes such as ABCD3, CXCL8, CYP8B1, DEFB1, ELOVL2,
FADS2, HMGCS2, MZB1 and SCD. The validation of these relationships holds potential to

modulate these genes through the microbiota.
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Introduction

The pig is one of the most important livestock species, as it provides one of the most widely
consumed meats worldwide (FAOSTAT, 2023). Meat quality is highly influenced by the fatty
acid (FA) amount and profile in subcutaneous fat, and especially in intramuscular fat
(Pietruszka et al.,, 2015; Wood et al., 2008). Differences in saturated FAs (SFAs),
monounsaturated FAs (MUFAs) and polyunsaturated FAs (PUFAs) can affect the
organoleptic properties of meat, and have a significant impact on the health of the consumer.
For example, meats with higher content in SFA are related with cardiovascular diseases,
while MUFAs and PUFAs are known for increasing palatability and act as cardioprotectors
(Hammad et al., 2016). In addition, PUFAs of the omega-6 type are pro-inflammatory, while

omega-3 PUFAs have anti-inflammatory properties (Marion-Letellier et al., 2015).

Liver is an important organ for energy and fatty acid metabolism. While the primary site for
de novo FA biosynthesis in pigs is the adipose tissue (Corominas et al., 2013; O’Hea &
Leveille, 1969), the liver plays a key role in the synthesis of long-chain PUFA from the
essential omega-6 and omega-3 PUFAs (linoleic and a-linolenic acids, respectively) (Smink
et al., 2012). By analysing the liver transcriptome, gene activity can be assessed, as well as
its potential influence in lipid metabolism (Freeman et al.,, 2012; Summers et al., 2020).
High-throughput sequencing methods, such as RNA-Seq, have been instrumental in

mapping and quantifying the transcriptome for this purpose (Z. Wang et al., 2009).

On the other hand, the gut microbiota is considered another “organ” of the host due to its
complex and important relationship with it. The microbiota composition is largely influenced
by environmental factors, especially by diet (Frese et al., 2015; Heinritz et al., 2016), but is
also influenced by host genetics (Crespo-Piazuelo et al., 2019). In turn, the gut microbiota
can modulate gene expression and metabolic pathways in the host, influencing growth
efficiency and meat production (Maltecca et al., 2020; Ramayo-Caldas et al., 2016). From
birth, gut microbiota suffers drastic changes, particularly during critical periods of animal
growth such as weaning, when animals are more susceptible to bacterial dysbiosis and
diarrhoea (Guevarra et al., 2018). After weaning, Prevotella spp. are one of the predominant
genera in the gut (Chen et al., 2017), reducing its presence as the animal grows, yet
remaining as part of the microbial core (Luo et al., 2022). The analysis of the 16S rRNA
gene via high throughput sequencing allows for the identification of prokaryotic species
through the analysis of their hyper-variable regions that differ at species level (Kim et al.,
2011). In research, rectal or faecal microbiota is among the most extensively studied tissues
due to its ease of collection and its ability to provide an informative overview of the gut

population.
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The main goal of this study was to analyse the microbiota of the pig gut at an early stage of
life and integrate it with the liver transcriptome at the moment of slaughter in order to find
plausible bacterial predictors of the active genes in the liver related with immunity, energy or
lipid metabolism.
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Materials and methods

Animal material

A total of 287 Duroc pigs from a commercial population (144 females and 143 males) were
used in this study. The animals were raised under intensive conditions and fed a
cereal-based diet, with ad libitum access to food and water. Faeces samples were taken
when the piglets were 60 + 8 days old, and animals were slaughtered at 181 — 228 days of
age in a commercial abattoir, where samples from liver were collected with RNAlater
(ThermoFisher, Spain) and snap-frozen at -80 °C immediately after slaughter until further

use.

Microbial classification

Faecal DNA was extracted with the DNeasy PowerSoil Kit (QIAGEN, Hilden, Germany)
following the manufacturer’s instructions, as detailed in (Ramayo-Caldas et al., 2020). The
V3-V4 rRNA gene sequences were processed into amplicon sequence variants (ASVs) at
99% of identity with QIIME2 software version 2021.11.0 (Bolyen et al., 2019). ASVs with an
abundance lower than 0.005% of the total counts were removed. The Greengenes2
database (McDonald et al., 2023) was used to classify the ASVs at genus level. We retained
only those genera present in more than 60% of the samples, resulting in a total of 147

genera.

Liver transcriptome analysis

Liver samples were homogenised with the Precellys Tissue Homogenizer and bead tubes
(Lysing matrix D) and the RNA was extracted using a Maxwell RSC instrument with its
Maxwell RSC simplyRNA Tissue Kit. Then, RNA quantification was carried out in a
NanoDrop ND-1000 spectrophotometer (NanoDrop Technologies, Wilmington, DE, USA). In
addition, RNA purity and integrity were checked in a Bioanalyzer-2100 (Agilent
Technologies, Santa Clara, CA, USA), ensuring that only RNA with a RIN higher than 7 was
used. The libraries were prepared with the TruSeq Stranded mRNA Sample Preparation kit
(Nlumina, San Diego, CA, USA), which were constructed with an insert size of 285 bp. The
samples were paired-end sequenced (2 x 150 bp) in an Illumina NovaSeq6000 platform at
the Centro Nacional de Analisis Gendmico (CNAG, Barcelona, Spain), with a sequencing

depth of >45 million of paired-end reads.
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Raw reads were quality checked with FastQC (Andrews, 2010). The sequences were
mapped against the pig reference genome Sscrofa11.1 and the Ensembl Genes 107
annotation database with STAR v2.5.3a (Dobin et al., 2013), and the counts were quantified
with RSEM v1.3.0 (Li & Dewey, 2011). From the 35,670 obtained genes, those expressed in
less than the 80% of the samples were filtered out, resulting in 14,594 genes being retained.
A logCPM transformation was performed on the data, which was then corrected for sex (2

levels: male or female) and slaughter batch (6 levels) variables.

Data integration

Pearson correlation analysis were performed between the expression of the selected genes
and the relative abundance of the bacterial and archaeal genera. To refine these results and
avoid spurious relationships, mixOmics package v6.26.0 (Lé Cao et al., 2016; Rohart et al.,
2017) from R (R Core Team, 2022) was used to integrate both datasets. Due to the large
amount of data, we selected the 5% most variable genes and the 147 filtered genera for
practical reasons, and then conducted a Regularised Canonical Correlation Analysis (rCCA)
to explore the results. The network of the results was filtered for a weight of the connections

> |0.15] and exported to Cytoscape (Shannon et al., 2003) for visualisation.

We used the Database for Annotation, Visualization, and Integrated Discovery (DAVID)
v2023g4 (Huang et al., 2009; Sherman et al., 2022) to infer the functions of the genes and
filter the network of the rCCA based on the genes that belonged to the lipid metabolism,
energy metabolism, and immunity. The information regarding these genes can be found in

Supplementary Table S1.

165



Integrative analysis of gut microbiome, gene expression, and lipid metabolism in pigs

Results

The taxonomic classification showed 18 bacterial and archaeal phyla, but the four most

abundant accounted for more than 97% of the total phyla. Firmicutes and Bacteroidota were

by far the most abundant phyla, with 49.83% and 42.72% of the total relative abundance,

while Spirochaetota and Proteobacteria had 3.47% and 1.17% of the relative abundance.

The remaining phyla had a relative abundance lower than 1%. Despite being Firmicutes the

most abundant phylum, the most abundant genus was the Bacteroidota Prevotella, with

27.88% of the total relative abundance. Lactobacillus, an unassigned Lachnospiraceae and

Cryptobacteroides followed in the highest relative abundances, with 6.08%, 6.02% and

5.41%. Table 1 shows the relative abundance of the genera with a relative abundance > 1%.

Table 1. Relative abundance (%) of the main genera found and the phylum to which they

belong. Genera with a lower relative abundance than 1% were grouped as “Others”.

Genus Phylum Relative abundance
Prevotella Bacteroidota 27.88
Lactobacillus Firmicutes 6.08
Unassigned Lachnospiraceae Firmicutes 6.02
Cryptobacteroides Bacteroidota 5.41
Faecalibacterium Firmicutes 2.90
Gemmiger Firmicutes 2.52
Treponema Spirochaetota 2.48
Paraprevotella Bacteroidota 217
Clostridium Firmicutes 2.16
Limosilactobacillus Firmicutes 2.07
Sodaliphilus Bacteroidota 2.04
Unassigned Butyricicoccaceae Firmicutes 1.66
Blautia Firmicutes 1.55
Anaerovibrio Firmicutes 1.53
Terrisporobacter Firmicutes 1.41
Alloprevotella Bacteroidota 1.25
Others - 30.87
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Pearson correlation analysis found the strongest positive correlation between the abundance
of Cryptobacteroides and the liver expression of a novel annotated gene,
ENSSSCG00000018063 (p = 0.39), a mitochondrial ribosomal RNA gene. The strongest
negative correlation was found between SFLAO7 and ENSSSCG00000048233 (p = -0.37), a

INcRNA located in Sus scrofa chromosome (SSC)1.

The abundance of the bacterial genera SFLA0O1 and UBA6398 showed the highest number
of significant correlations with the liver expression of different genes, with 39 and 19
correlations, respectively. Fifteen other genera demonstrated at least one significant

correlation with an expressed gene (Fig. 1).
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Fig. 1. Pearson correlation results. Significance threshold was set at an adjusted p-value <
0.05. For visualisation purposes, we only included the gene expressions and genera

abundances that had at least one significant correlation.
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In rCCA analysis, the expression of the mitochondrial rRNA gene ENSSSCG00000018063
also had the highest number of connections (27 genera). These results can be found in
Supplementary Table S2. When filtering for relevant genes of liver-related pathways, keeping
genes related with immunity, energy or lipid metabolism, the expression of HMGCSZ2 had the
highest number of connections (13 genera). Other relevant genes from liver-related
pathways were DEFB1 (10 genera), ELOVL2 (10 genera), SCD (10 genera), MZB1 (8
genera), FADS2 (7 genera), ABCD3 (6 genera), and CYP8B1 (6 genera). These results can
be found in Table 2.

Table 2. List of rCCA relevant genes and the genera with which they are connected.

Gene Related genera

ABCD3 Agathobaculum, Copromorpha, Fimousia, SFDB01, SFLAO1,
Unassigned CAG-508

AGXT Eubacterium, Mediterraneibacter, SFLAO1

ANGPTLS Eubacterium, Mediterraneibacter, SFLAO1

APOA4 SFLAO1

COL12A1 SFLAO1

CXCLS8 Floccifex

CYP7A1 SFLAO1

CYP8B1 SFDBO01, SFLAO1, Unassigned CAG-508

DEFB1 Caccousia, Caproiciproducens, Ellagibacter, Eubacterium, Floccifex,

Mediterraneibacter, Ornithospirochaeta, Sutterella, UBA1259,
Unassigned Peptostreptococcaceae

DIO2 Caccousia, Floccifex, Ornithospirochaeta, Streptococcus
DISP3 SFLAO1
ELOVL?2 Agathobaculum, CAG-349, Catenibacterium, Collinsella,

Copromorpha, Fimousia, SFDB01, SFLAO1, Unassigned CAG-508,
Unassigned UBA932

ENSSSCG00000031037 Floccifex
ENSSSCG00000036224 Caccousia, Eubacterium, Floccifex, Mediterraneibacter

ENSSSCG00000038719 CAG-533, Floccifex, Streptococcus, Unassigned
Gastranaerophilaceae

ENSSSCG00000041880 Floccifex
ENSSSCG00000058639 SFLAO1

ENSSSCG00000060584 Caccousia, Floccifex, Streptococcus

169



Integrative analysis of gut microbiome, gene expression, and lipid metabolism in pigs

Gene Related genera

ENSSSCG00000061605 SFLAO1

FADS2 CAG-349, CAG-533, Floccifex, Onthomonas, Streptococcus,
UBA1259, Unassigned Gastranaerophilaceae

HMGCS2 Agathobaculum, Collinsella, Eubacterium, Helicobacter, Limivivens,
Mediterraneibacter, Paludicola, Phascolarctobacterium, SFDB01,
SFLAO1, UBA636, Unassigned CAG-508, Unassigned
Erysipelotrichaceae

KIF1A Eubacterium

LEPR SFLAO1

LIF SFLAO1

MFSD2A SFLAO1

MzB1 Caccousia, Caproiciproducens, Floccifex, Ornithospirochaeta,
Streptococcus, UBA1259, Unassigned Gastranaerophilaceae,
Unassigned Peptostreptococcaceae

PGAM2 SFLAO1

PLIN2 SFLAO1

PTGS2 Eubacterium, SFLAO1

SCD Caccousia, Caproiciproducens, Floccifex, Hallerella,
Ornithospirochaeta, Streptococcus, Sutterella, UBA1259,
Unassigned Gastranaerophilaceae, Unassigned
Peptostreptococcaceae

THBS1 Eubacterium, SFLAO1

TSKU Eubacterium, Mediterraneibacter, SFLAO1

The rCCA analysis also identified SFLAO71 as the most relevant bacterial genus. Its
abundance showed the strongest correlation with the first component (p = —0.66), as seen in
Fig. 2, and also had the highest number of associations with gene expression (20 genes),
depicted in the network from Fig. 3. CAG-349 and Streptococcus showed the strongest
positive correlations with the first component (p = 0.45 and p = 0.41 respectively), while
Floccifex had the strongest negative correlation with the second component (p = -0.6) and
an unassigned Gastranaerophilaceae had the strongest positive correlation with the second
component (p = 0.47). Besides SFLAO1, other genera with a high number of connections in

the rCCA network were Floccifex (11 genes), Eubacterium (10 genes), Mediterraneibacter (7

genes), Caccousia (6 genes), and Streptococcus (6 genes).
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Figure 3 depicted SFLAO1 showing the strongest relationships, with the expression of the
genes ELOVL2, ABCD3 and HMGCS2 (with a weight of 0.30, 0.29 and 0.28 respectively).
The network also pointed out that the expression of MZB1 and DEFB1 had a high number of
common relationships and opposite to the expression of SCD, with the genera Floccifex,
Caccousia, Ornithospirochaeta, UBA1259, Caproiciproducens, Sutterella and an unassigned
Peptostreptococcaceae. The expression of DIO2 also showed a similar pattern of
relationships than the expression of SCD, and the expressions of THBS1 and PTGS2, and
ANGPTLS8 and TSKU had the same relationships with genera.

Correlation Circle Plot

v v + T v
-1.0 -0.5 0.0 0.5 1.0

Component 1

Fig. 2. Circular plot of the rCCA results. For visualisation purposes, we established a 0.2
cut-off to keep the more relevant genes (n = 203, represented in orange) and genera (n =

105, represented in blue).
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Fig. 3. Correlation network of the rCCA results. We filtered the expressed genes by lipid
metabolism, energy metabolism and immunity based on the functional annotation analysis
with DAVID and established a 0.15 cut-off to keep the more relevant genes (n = 32,
represented as orange squared nodes) and genera (n = 31, represented as blue round
nodes with a different size depending on their relative abundance). Green edges indicate

positive relationships, while negative relationships are marked by magenta edges.
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Discussion

Gut microbiota is known to have an impact on the host (Valdes et al., 2018). However, this
impact is complex and influenced by other factors. While a basic correlation analysis may
suffice for closely associated data, the two datasets used in this study required methods
capable of excluding the spurious relationships to reveal the more relevant ones. Deepening
the understanding of the microbial species that affect the gene expression in the host
metabolism and overall health can help to promote or avoid them through the diet, thereby

influencing the animal traits.

After the correlation analysis, the gene with the highest number of connections was
HMGCS2. This gene has an important role in lipid metabolic processes, particularly in
mitochondrial ketogenesis, as this synthase is a key rate-limiting enzyme in the process,
which mainly takes place in hepatocytes (Hwang et al., 2022). HMGCS2 converts
acetyl-CoA to HMG-CoA, which is then used to produce ketone bodies (Cotter et al., 2013).
Under fed conditions, ketone body levels were similar between microbiota-transplanted and
germ-free mice, but during fasting, microbiota-transplanted mice increased hepatic
ketogenesis production through an upregulation of the PPARA-HMGCS2 axis (Cotter et al.,
2013; Crawford et al., 2009). In our results, HMGCSZ2 expression was positively connected
to nine genera, including SCFA-producing bacteria such as Agathobaculum, Collinsella,
Phascolarctobacterium. The abundance of Agathobaculum was reduced in patients with
non-alcoholic fatty liver disease and in patients with liver cirrhosis compared to those with
chronic hepatitis (Ahn et al., 2019; Midori et al., 2024). Collinsella is considered a potential
beneficial genus, improving host metabolism and colonic mucosal immunity, although its
contribution is not fully understood. In humans, Collinsella is reduced with low dietary fibre
intake and it is correlated to insulin levels, but an overgrowth may disturb gut integrity by
increasing gut permeability (Gomez-Arango et al.,, 2018; Teng et al., 2023). Our group
already reported the association between Phascolarctobacterium levels and the pig genome
(Crespo-Piazuelo et al., 2019), but diet also modulates the abundance of this genus. Inulin
intake promotes Phascolarctobacterium growth reducing hepatic steatosis by restoring the

integrity of the intestinal barrier (Z. Yang et al., 2023)

The remaining genes with a substantial number of connections, ABCD3, ELOVL2, FADS2,
and SCD, are known to be involved in fatty acid synthesis. In the correlation network,
ABCD3 and ELOVL2 were both positively correlated with six genera, including the
aforementioned Agathobaculum and SFLAO1, a member of the Oscillospirales order. ABCD3
gene is a peroxisomal transporter, it transports long-chain FAs into the peroxisomes for

B-oxidation and it is also thought to transport bile acids and branched chain FAs (Imanaka et
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al., 1999; Morita & Imanaka, 2012). ELOVL2Z2 catalyses the elongation of very long omega-6
and omega-3 PUFAs, which are related with inflammation. Oxylipins produced from omega-6
PUFA promote inflammation, whereas oxylipins derived from omega-3 inhibit it (Innes &
Calder, 2018; Liput et al., 2021). Both of the analyses conducted in this study showed the
SFLAO1 genus as the more relevant one. It had the highest number of connections in both
the Pearson and the regularised correlation analyses, including associations with ABCD3,
ELOVL2, and HMGCSZ2 expression. Although SFLAOT is a relatively new genus, some
bacteria from the same order, such as Oscillospira, are closely linked to obesity and chronic
inflammatory and metabolic diseases (J. Yang et al., 2021). Thus, apart from the ones
already described, SFLAO1 was correlated with genes related to lipid metabolism, such as
APOA4, CYP7A1, MFSD2A, and PLIN2. Notably, APOA4 and PLIN2 also showed negative

Pearson correlations with the UBA6398 genus, a member of the Bacteroidaceae family.

It is worth noting that the two desaturases found, FADS2 and SCD, had both negative
correlations with Floccifex, Streptococcus and UBA1259 (Borkfalkiaceae family). FADS2 is a
A6 desaturase that transforms the essential fatty acids from the diet, linoleic (C18:2n-6) and
a-linolenic acids (C18:3n-3), into y-linolenic (C18:3n-6) and stearidonic (C18:4n-3) acids
respectively. These fatty acids are transformed in long-chain PUFA arachidonic acid
(20:4n-6) and dihomo-y-linolenic acid (20:3n-6), which are precursor molecules capable of
influencing the immune system and inflammatory responses (Liput et al., 2021). However,
the role of SCD is more indirect; SCD is a A9 desaturase able to convert SFA to MUFA such
as palmitic acid (C16:0) to palmitoleic acid (C16:1n-7) or stearic acid (C18:0) to oleic acid
(C18:1n-9) (Bond et al., 2016). In TLR5-deficient mice, elevated levels of oleic acid in the
liver were attributed to an upregulation of hepatic SCD, partially driven by an increased
production of SCFAs by their gut microbiota (Singh et al., 2015).

The rCCA analysis also reported some genes worth discussing further, CXCL8, CYP8B1,
DEFB1, MZB1, and ZDHHC19. The protein encoded by CXCLS8, also referred as
interleukin-8 (IL-8), participates in immune response. In a study conducted on
CXCL8-knockout porcine cell lines, they exhibited significantly increased resistance to
Pasteurella multocida toxin (Yuan et al., 2024). CYP8B1, another highly correlated gene, is
involved in the bile acid synthesis. It encodes for the enzyme sterol 12a-hydrolase, which is
key for the cholic acid synthesis. In mice, the lack of this enzyme leads to a resistance to
diabetes and to hepatic steatosis, but also produces a change in the gut microbiota
(Patankar et al., 2018). However, adult pigs lack cholic acid and produce hyocholic acid
instead, it is only found in pig foetus and it was considered that CYP8B1 gene was mainly
expressed before birth (Lundell & Wikvall, 2008). However, in recent studies the expression

of CYP8B1 in weaned piglets has been found increased in diseased livers (Maj et al., 2023;
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H. Wang et al., 2021). In addition, Lactobacillus gasseri has been found to activate the
hepatic bile acid biosynthesis in germ-free mice, stimulating the production of proteins
encoded by genes such as CYP8B1 (Hu et al., 2023). Nevertheless, this bacterium was not
found in our data, so we hypothesise that other lactobacilli could activate CYP8B71. On the
opposite side of CYP8B1 in the rCCA, there was a IncRNA gene named
ENSSSCG00000051985. This gene is located adjacent to the genomic region of the
ZDHHC19 gene, and the whole genomic region (5 Mb) has been found associated with E.
coli F4ab/ac susceptibility in pigs (Jacobsen et al., 2010).

DEFB1 and MZB1 were the other highly neighbouring genes, they are related with mucosal
immunity. DEFB1 encodes for an antimicrobial peptide (Polesello et al., 2015), while MZB1
plays a role in IgM and IgA secretion (Suzuki et al., 2019; H. Wei & Wang, 2021). As a
B-defensin, DEFB1 participates in innate immunity producing an extracellular
bacteria-entrapping net that protects against bacterial transmigration and invasion (Raschig
et al., 2017). In pigs, DEFB1 confers protection against Bordetella pertussis, although
experimental intrapulmonary infection is typically required since this pathogen is exclusively
a human pathogen (Elahi et al., 2006). In MZB1-deficient mice, inefficient IgA secretion is
associated with increased levels of Proteobacteria and Verrucomicrobia phyla, and a
reduction in Bacteroidetes (Suzuki et al., 2019). In addition, IgA also maintains gut
homeostasis and promotes symbiosis between Bacteroides, Firmicutes and Clostridiales, as
Bacteroides serve as anchors in the mucin layer, facilitating interactions with other bacteria
(Nakajima et al., 2018).

Overall, there are many different genes expressed in the liver at the moment of slaughter
that are correlated to microbial genera when the pig is younger. However, there are various
factors involved in modulating both liver gene expression and the composition of the
microbiota. For instance, the genetic differences of the animals influence both liver gene
expression (C. Wei et al., 2023) and the microbiota (Ramayo-Caldas et al., 2023). Variations
in the microbiota, in turn, impact the animal's energy metabolism and immunity, affecting
liver gene expression at the time of slaughter (Peng et al., 2021; H. Wang et al., 2020; Xie et
al., 2022). Additionally, the variability of these factors influences liver gene expression both
in young animals and at the age of slaughter, which in turn affects the microbiota (Ayuso et
al., 2016). For these reasons it is necessary to validate the relationships we found in this
work, which will allow us to modulate the desired liver gene expression through the shaping
of the microbiota with the diet or to partially predict the behaviour of the microbiota based on

the genetic variations of the animal.
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Conclusions

Several gut microbial genera had significant associations with the expression levels of genes
in the liver. SFLAO1 and Floccifex were the most connected genera with diverse genes
involved in lipid metabolism or immunity, while DEFB1, HMGCS2, ELOVL2 and SCD were
the most connected genes, showing interactions with different bacterial genera. Further
in-depth analyses are required to examine these relationships and validate the different

genera as potential modulators of gene expression in the liver.
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General discussion

The pig is closely linked to humans as one of the most important livestock species and, more
recently, as a key animal in research. Its physiology and gut microbiome, similar to those of
humans, make the pig a valuable model species (Heinritz et al., 2013). Through
domestication, pigs have undergone significant changes and adaptations to diverse
environments. These adaptations have been the consequence of selective breeding aimed
at optimising traits in accordance with consumer preferences across different times and

regions, leaving distinct signatures of selection in the pig genome (Bovo et al., 2020).

As a livestock species, one of the main foci of selective breeding has been on enhancing
pork quality. Meat quality is a complex trait influenced by various factors, among which fatty
acid composition plays a crucial role. The balance of saturated and unsaturated fatty acids
significantly affects the flavour, tenderness, and overall nutritional value of the meat (J. D.
Wood et al.,, 2004). In this regard, diet is the main factor influencing the fatty acid
composition (J. D. Wood et al., 1999), however, the genetic background of the animal is also
significant (Ryu et al., 2008). While lean commercial breeds have less fat content and a
lower percentage of SFA and MUFA, rustic or local breeds like the Iberian pig have more fat
deposition and, in the case of the Iberian breed, more percentage of SFA and MUFA,
markedly in oleic acid (Barea et al., 2013). In addition, gene expression and lipid metabolism
pathways vary depending on the tissue type, resulting in a distinct fatty acid profile for each
tissue (J. D. Wood et al., 2008).

Another factor that modulates meat quality, albeit to a lesser extent, is the gut microbiota.
The gut microbiota modifies the fatty acid composition in various tissues by incorporating
different metabolites into the host bloodstream (Bergamaschi et al., 2020; Lei et al., 2021; G.
Zhao et al., 2022). Additionally, the gut microbiota influences the immune system, as some
species produce metabolites such as SCFAs that can improve the intestinal barrier, and the
presence or proliferation of other species can cause dysbiosis, inflammation, and different
diseases (Frank et al., 2007; R. Hu et al., 2023). Reciprocally, the diet of the host strongly
impacts the composition of the gut microbiota, thereby indirectly affecting meat quality (Zhu
et al., 2022). Hence, elucidating the microbial species associated with lipid metabolism could
enhance meat quality through dietary modulations, promoting the beneficial microorganisms
and reducing the prevalence of the harmful ones (Niu et al., 2023). Conversely, host
genetics also influences the microbial composition of the gut microbiota, leading to the
potential identification of microbial or host biomarkers associated with specific traits (Chen et
al., 2018).

In this thesis, we used an integrative approach to deepen the understanding of the interplay

between fatty acid composition, gut microbiota, and gene expression in different tissues. In
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the following sections, we undertake a comparative analysis of the outcomes from various

studies with the aim of obtaining a comprehensive perspective.
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4.1. Association between gene expression and fatty acid

composition

As previously stated, host genetics, and consequently, gene expression, serve as pivotal
factors in shaping the fatty acid profile of various tissues. Transcriptomics elucidates the
gene expression patterns in a specific tissue and time frame, contrasting with genomics,
which provides the genetic information of the organism. By knowing the active genes, we
can infer relationships with the resulting metabolites, lipid or protein profiles, or immune
responses, among others. In the first study conducted during this thesis, a transcriptome
analysis was conducted to explore the associations between gene expression and the fatty

acid profile in pig muscle, a trait of interest for pork meat quality.

We used an experimental population consisting of an Iberian x Duroc backcross (BC1_DU),
with 25% Iberian and 75% Duroc, which had been previously used in studies of our research
group. These studies aimed to compare gene expression in longissimus dorsi muscle with its
fatty acid profile, as well as various fatty acid ratios and metabolic indices. In an initial
approach conducted by Valdés-Hernandez and colleagues, a variable number of genes (with
a total of 1,022 identified genes) were observed correlating with different fatty acids, ratios,
and indices. Furthermore, an analysis of enriched metabolic pathways was conducted
(Valdés-Hernandez et al., 2023). After this study, the mixOmics tool was employed to refine
the correlation method and identify the most significant relationships, revealing 365 genes
associated with 15 fatty acids (Valdés-Hernandez et al., 2024). Additionally, eGWAS
analyses of 45 candidate genes in muscle were performed by Passols and colleagues, using
this backcross and two others, with a 25% of Iberian background and a 75% of Landrace or
Pietrain breeds. Notably, the BC1_DU backcross showed a statistically significant higher
expression of various genes related to fatty acid synthesis, including different elongases
(ELOVL1, ELOVLS, and ELOVLG6), the ADIPOQ gene, PLIN1, and FASN, among others
(Passols et al., 2023).

The main goal of reanalysing this population using WGCNA and graphical Gaussian models
was to reduce data dimensionality to obtain modules of co-expressed genes potentially
associated with the fatty acid profile, while also conducting an enrichment analysis to identify
relevant metabolic pathways within each module. As a result, we identified four modules with
significant correlations with more than five fatty acids (colour named as “Magenta”, “Yellow”,
“Green”, and “Brown”). Remarkably, the genes within these modules had been found in
previous studies. The expression of ADIPOQ and PLIN1 genes was found in a module that

showed positive correlations with several SFAs and MUFAs, while displaying negative
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correlations with PUFAs. In line with this, the analysis conducted by Valdés-Hernandez et al.
(2024) reported a positive correlation between ADIPOQ expression and palmitoleic acid
content, whereas the expression of PLIN1 was positively correlated with MUFAs (palmitoleic
and oleic acids) and negatively correlated with PUFAs (eicosadienoic and a-linolenic acids).
The ADIPOQ gene encodes for the adiponectin, and in pigs is mapped in the chromosome
13, near the location of QTLs for the palmitoleic content in longissimus dorsi muscle (Cepica
et al., 2005; Guo et al.,, 2009). On the other hand, PLINT is differentially expressed in
animals with high IMF content (B. Li et al., 2018). The study by Passols et al. (2023)
revealed that these genes exhibit higher expression levels in animals with Duroc background
compared to backcrosses of leaner breeds. Furthermore, we observed that both genes were
associated with the PPAR signalling pathway, which was found enriched in the Magenta
module and was also found relevant in the study by Valdés-Hernandez and colleagues
(2024). PPAR signalling pathway is important in meat quality, as the different Peroxisome
Proliferator-Activated Receptors (PPARs) are activated by fatty acids and modulate different

genes involved in different processes including lipid metabolism (He et al., 2013).

The expression of the gene ELOVL6 was also found relevant in the Magenta module. Similar
to the previously mentioned genes, its expression was higher in animals with Duroc
background compared to backcrosses of leaner breeds (Passols et al., 2023). Previous
studies of our research group with Duroc, Landrace and Pietrain backcrosses have linked
ELOVL6 expression to SFAs and MUFAs (Corominas et al.,, 2015; Corominas,
Ramayo-Caldas, Puig-Oliveras, Pérez-Montarelo, et al., 2013; Crespo-Piazuelo et al., 2020).
This enzyme is involved in the elongation of saturated or monounsaturated long-chain fatty
acids (C12-C16) (Matsuzaka & Shimano, 2009) and is important in backfat fatty acid

composition (Zappaterra et al., 2018).

The expression of the genes PPARA and PPARGC1A was found significant in the Green
module, which was positively correlated with PUFAs. These genes are involved in lipolytic
pathways, as they participate in the mitochondrial B-oxidation of fatty acids (Vega et al.,
2000). In a previous study of our research group, the expression of these two genes was
higher in the Duroc backcross than in the backcrosses of leaner breeds (Criado-Mesas et
al., 2020). While PPARG belongs to the same family as PPARA and they are involved in the
PPAR signalling pathway (He et al., 2013), their function is different. The expression of
PPARG was found relevant in another module, positively correlated with SFAs and MUFAs,

which agrees with the fact that this gene is involved in adipogenesis (Lehrke & Lazar, 2005).

The expression of SCD was found in the same module as PPARG, ELOVL6, ADIPOQ and
PLIN1, with positive correlations with SFAs and MUFAs. SCD is a desaturase that converts
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SFAs to MUFAs, and is important for the production of oleic acid. In previous studies of our

research group, it was found related to the expression of PPARG, as they both are lipogenic

genes (Criado-Mesas et al., 2020).
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4.2. Association between microbiota and liver gene

expression

Fatty acid composition differs markedly between liver, muscle and adipose tissues, which

reflects their different physiological functions. While the adipose tissue is the primary site for

de novo fatty acid biosynthesis in pigs, the liver plays a key role in other lipid metabolism

pathways, such as the production of PUFAs, cholesterol, and bile acids (O’Hea & Leveille,

1969). Muscle tissue, on the other hand, serves primarily as a reservoir for energy storage
and fatty acid oxidation (Gardan et al., 2006).

Table 4.1. Mean relative abundance (percentage) = SD of the main fatty acids of the three

studied tissues in the three different populations. Backfat and one set of the muscle samples

belong to the Duroc x Iberian population (Du x Ib, 288 animals), while another set of the

muscle samples belong to the backcross BC1_DU (129 animals), and the liver samples

belong to Duroc pigs (310 animals).

Abbrev.

C14:0
C16:0
C16:1n-7
C18:0
C18:1n-9
C18:2n-6
C18:3n-3
C20:0
C20:1n-9
C20:2n-6
C20:3n-6
C20:4n-6
SFA
MUFA

PUFA
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Name

Myristic acid

Palmitic acid
Palmitoleic acid
Stearic acid

Oleic acid

Linoleic acid
a-linolenic acid
Arachidic acid

Gondoic acid
Eicosadienoic acid
Dihomo-y-linolenic acid
Arachidonic acid
Saturated fatty acids
Monounsaturated fatty acids

Polyunsaturated fatty acids

Backfat
(Du x Ib)
1.5740.142
24.95+0.884
2.85+0.481
10.7110.844
49.10+£1.410
7.65+0.700
0.43+0.043
0.20+0.028
1.28+0.159
0.46+0.046
0.11+£0.040
0.14+0.025
37.43+£1.391
53.22+1.268

8.79+0.758

Longissimus dorsi

(Du x Ib)
1.53+0.150
27.64+1.955
4.63+0.639
12.43+1.274
47.82+3.257
3.81+0.781
0.14+0.037
0.18+0.107
0.67+0.232
0.100.095
0.07+0.113
0.54+0.289
41.78+3.044
53.12+3.177

4.67+£1.042

(BC1_DU)
1.27+0.228
23.91£1.650
2.790.526
14.38+1.695
35.9315.823
12.13£5.823
0.40£0.131
0.2310.078
0.730.164
0.430.123
0.45+0.288
2.58+1.938
39.79+3.094
39.46+6.087

16.00+£8.114

Liver
(Duroc)
0.61+0.262
22.19+2.078
1.10+0.396
29.96+5.248
21.31+£3.993
11.20+2.394
0.25+0.115
0.24+0.110
0.26+0.054
0.39+0.085
0.36+0.162
5.82+2.263
53.01+4.981
22.67+4.346

18.01+4.469
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As observed in our data, MUFA content was notably high in backfat and muscle, primarily
represented by oleic acid. Conversely, liver samples exhibited higher contents of SFA
(mainly stearic acid) and PUFA (mainly arachidonic and linoleic acids). Adipose tissue, both
subcutaneous and intramuscular, had higher levels of the shorter SFA (C14:0 and C16:0),
which agrees with the fact that adipose tissue is the more efficient place for de novo fatty

acid biosynthesis in pigs.

The expression of two desaturases, FADS2 and SCD, was negatively linked to the
abundance of genera that promote inflammation, such as Streptococcus or Sutterella. In the
Duroc x Iberian population, GWAS analysis reported five genomic regions associated with
the relative abundance of Strepfococcus (Crespo-Piazuelo et al., 2019). Inside these regions
there are genes encoding for immunity-related traits or genes that might favour the presence
of Streptococcus. Some of the identified genes are affected by specific genera, such as the
RFTN1 gene and metabolites produced by Lactobacillus (Zhou et al., 2023), and other
genes affecting the gut microbiota composition, like BIN1, which improves gut health
(Thomas et al., 2022). Streptococcus increases its abundance in the pig gut after weaning,
with the species S. suis emerging as the most prevalent and potentially harmful (Su et al.,
2008). Sutterella, in turn, has been associated with a lower backfat thickness in pigs (X. Li et
al., 2022) and with a mild inflammatory capacity in the human gut (Hiippala et al., 2016).
These facts could lead to a decrease in the synthesis of SFA and MUFA, thus explaining the
negative correlation between the abundance of these genera and the expression of FADS2
and SCD.

In the previous section we discussed the expression of ELOVLG, but in liver we found a
relevant expression of ELOVL2. The expression of this gene was positively associated with
the abundance of Collinsella, which was also found to have positive relationships with the
expression of two immunity-related genes (CYP8B1 and HMGCS2). This genus has been
associated with lipid metabolism and it has also been considered a pathobiont and proposed
as a contributor to the fatty liver disease in pigs (J. Wang et al., 2023). The relationship with
the expression of ELOVL2 could be due to the effect of this elongase in the production of
proinflammatory and anti-inflammatory cytokines as it is a key regulator of the elongation of

PUFAs starting from the essential linoleic and a-linolenic acids (Smink et al., 2012).

Although we detected various genera involved in inflammatory responses or SFCA
production, many of them have not yet been characterised in the porcine intestine. Here it is
worth mentioning SFLAO1, as its relative abundance was positively correlated with genes

related to lipid metabolism or immunity (table 4.2).
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Table 4.2. List of genes whose expression was significantly correlated with the abundance of

SFLAO1.

Gene

ABCD3

ELOVL2

CYP8B1

THBS1
PTGS2

HMGCS2

PLIN2
ENSSSCG00000058639
COL12A1

LEPR

LIF

APOA4

MFSD2A

TSKU

ANGPTLS

DISP3
ENSSSCG00000061605
PGAM2

CYP7A1

Correl.

Function

Peroxisomal transporter, involved in

lipid B-oxidation

PUFA elongator

Bile acid synthesis

Immunity modulator
Prostaglandine synthesis

Ketonic bodies synthesis

Lipid droplets metabolism

Energy balance, growth and fatty

acid composition

Immunity regulator

Lipid transport, lipid oxidation
inhibitor, potential role in immunity

Fatty acid transport

Glycolysis, muscle growth

Bile acid synthesis

Reference

(Ranea-Robles et
al., 2021)

(Leonard et al.,
2002)

(W. Fang et al.,
2019)

(Tietze et al., 2024)
(Herschman, 1996)

(Newman & Verdin,
2014)

(Tsai et al., 2017)

(Pérez-Montarelo et
al., 2013)

(Gao et al., 2009)
(Qin et al., 1998)

(Nguyen et al.,
2014)

(Qiu et al., 2008)

(W. Fang et al.,
2019)

The genus SFLAO1T belongs to the order Oscillospirales, and according to the Greengenes?2

database, it has been predominantly found in faecal samples from animals (public samples

from redbiom). However, there is currently no literature reporting it, and to the best of our
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knowledge, this is the first study that characterises this genus and shows its putative role in

different pathways mainly related to lipid metabolism or immunity.
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4.3. Gut microbial composition comparison

The gut microbiota is a complex and dynamic system that significantly influences the host. It
releases byproducts that play crucial roles in the metabolism of the host, and any imbalance
in this ecosystem can have negative repercussions for the host. The microbiota composition
is influenced by dietary factors and environmental conditions, and it also evolves throughout
the life of the host, particularly during the early growth stages (X. Wang et al., 2019).
Furthermore, the genome of the host also impacts the microbiota composition, leading to

differences between breeds (C. Wang et al., 2022).

In this thesis, we studied two different commercial pig populations, analysing the microbiota
composition of rectal content samples through V3-V4 region sequencing of the 16S rRNA
gene. One of the studied populations comprised 60-day-old Duroc pigs, while the other
consisted of Duroc x |berian crossbred pigs at slaughter age (209 days old on average,
ranging 181 - 228). As the age difference implies, the two populations received different
diets, even though both formulations were cereal-based, the 60 day-old piglets were fed a
fattening diet, whereas the 6-7 month-old pigs received a finishing diet. The fattening diet
had a higher content in protein for muscle deposition, while the finishing diet was focused on
weight gaining and had a higher content in complex carbohydrates (Le Dinh et al., 2022).
The different type of diet implies modulations in gut microbiota, as a fattening diet will favour
the presence of proteolytic bacteria and the finishing diet promotes bacteria that ferment

complex carbohydrates (Luo et al., 2022).

In addition, two different databases were used for the taxonomic classification: SILVA138 for
the Duroc x Iberian pigs, and the newer Greengenes2 database for the Duroc piglets. Thus,
these methodological differences contributed to the observed variability when comparing the

two studies, as seen in Figures 4.1 and 4.2.
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Figure 4.1. Relative abundance (%) barplot of the main bacterial and archaeal phyla in the
two studied populations. Phyla with a relative abundance lower than 1% have been grouped
as “Other”. Light pink colour represents the samples taken from Duroc piglets and analysed
with Greengenes2 (GG2), while the dark red colour represents the Duroc X Iberian

crossbred pigs analysed with SILVA138.
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Figure 4.2. Relative abundance (%) barplot of the main bacterial and archaeal genera in the
two studied populations. Genera with a relative abundance lower than 1% have been
grouped as “Other”. Light pink colour represents the samples taken from Duroc piglets and
analysed with Greengenes2 (GG2), while the dark red colour represents the Duroc x Iberian

crossbred pigs analysed with SILVA138.

199



Integrative analysis of gut microbiome, gene expression, and lipid metabolism in pigs

In two-months-old piglets, the most abundant bacterial phylum was Firmicutes, representing
nearly half of the relative abundance of all phyla found, while the most abundant genus was
Prevotella, comprising nearly 28% of the relative abundance. The most abundant genera of
the Firmicutes phylum were Lactobacillus and an unassigned genus of the Lachnospiraceae
family, each representing more than a 6% of the total relative abundance. Conversely, in pigs
at slaughter age, Prevotella was the third most abundant genus with a relative abundance of
5.5%, while the most abundant was another Bacteroidota, Rikenellaceae RC9 gut group,

followed in abundance by the Spirochaetes member Treponema.

It is noteworthy the high relative abundance of Prevotella in the samples from 60 days-old
piglets. This genus is a part of the core microbiota in almost all the growth stages (Holman et
al., 2017) and is one of the most abundant genera, markedly in fattening pigs (Luo et al.,
2022). Lactobacillus genus was also found to be more abundant in younger pigs, in
agreement with previous studies, in which this genus was found at higher levels in

two-months-old piglets than in pigs at slaughter age (H. B. Kim et al., 2011).

The gut content of the colon and rectum of the pig is predominantly inhabited by bacteria
belonging to the phyla Firmicutes and Bacteroidota, with lesser proportions of Spirochaetes
and Proteobacteria, in contrast to the small intestine, where the most abundant phyla are
Firmicutes and Proteobacteria. In the rectum, Firmicutes may have a higher prevalence than
Bacteroidota, but along the colon, the latter phylum is found in a higher abundance
(Crespo-Piazuelo et al., 2018, 2019).

Thus, due to the differences in age and diet, it is difficult to compare the two populations,
although they are indicative of the dynamism of the microbiota throughout the life of the
animals. Weaning implies an important change in the diet, and the gut microbiota follows this
change. Before weaning, lactic acid bacteria are highly prevalent, while after weaning the
genera abundances start to switch to a different profile that will be more stable in adult life
with bacteria capable of degrading polysaccharides of the diet and obtaining metabolites
profitable for the host (Luo et al., 2022; X. Wang et al., 2019). Furthermore, weaning is a
critical moment in the life of the piglet, where it is more likely that pathogens and
opportunistic bacteria may cause dysbiosis harmful to the host, potentially leading to

diarrhoea and a loss of growth efficiency (Bauer et al., 2006).
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4.4. Comparison between 16S, metagenome and

metatranscriptome

The analysis of a microbial population can be addressed through different techniques. While
microbiological culture can be useful to study certain species and their metabolites, it has the
main disadvantage of being unable to detect a huge number of species that cannot grow in
lab conditions (such as strict anaerobes). Sequencing a fragment of the bacterial genome or
characterising the whole metagenome of the microorganisms enables a comprehensive

understanding of the population rather than solely focusing on specific microorganisms.

However, there are huge differences between 16S rRNA gene sequencing and
whole-metagenome shotgun sequencing. As the 16S rRNA gene method only sequences a
small fragment of the metagenome, it is more cost effective and faster than the whole
metagenome sequencing. However, it is less accurate and only allows the analysis of
prokaryotes (the microorganisms that possess a small subunit 16S of the ribosomal RNA).
Bacteria and archaea are analysed with this method, but fungi, protists and viruses are not
considered even though they are part of the microbiome. Sequencing the whole
metagenome addresses this issue, with the advantage of being able to study the functions of
the encoded proteins (Brumfield et al., 2020). In turn, metatranscriptome sequencing allows
not only the taxonomic classification, but truly reports the active genes of the microbial
population in the moment of sampling. Whole-metagenome and whole-metatranscriptome
sequencing also have their drawbacks when compared to the 16S rRNA gene sequencing,
as they are more demanding in terms of cost and computational resources (Guyomar &
Lemaitre, 2022). However, the sequencing costs are being reduced each year as the

techniques evolve.

When analysing the whole Duroc x Iberian commercial population, we obtained 759 bacterial
and archaeal genera with metagenomic analysis and 422 genera in the metatranscriptomic
analysis, while in the 16S rRNA gene sequencing results only 119 genera appeared and
some of them were undefined. At phylum level, the number of taxa found was also different,
with 17 phyla in the 16S rRNA gene sequence analysis, 34 in metagenome and 22 in

metatranscriptome.

We found a different ranking of bacterial and archaeal phyla and genera between 16S rRNA
gene analysis and the whole metagenomic study, and also a different one when compared to
the metatranscriptomic analysis. Figure 4.3 shows the differences between the most
abundant phyla of the three types of analysis. In the 16S rRNA gene sequence analysis, we

use the whole pig population (285 animals), while in metagenomics and metatranscriptomics
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analyses we only sampled a subset of the original population, selected based on the amount
of SCFA in the rectal content (20 and 24 animals respectively). Running a comparative
analysis with a subset of the original samples that only had the common samples of the
three studies, we found a similar result. Therefore, we could discard the differences in

abundance due to the number of animals.

We must take into account that 16S rRNA gene sequence analysis may have considerable
biases, as only an amplified region of the bacterial genome is sequenced. This can lead to
the non-identification of low-abundance species or an incorrect classification. Even the
selection of the hypervariable region to be sequenced can introduce errors
(Martinez-Porchas et al., 2016). To avoid the problems of a misclassification of low-abundant
taxa, we filtered the three datasets for taxa that had a mean relative abundance higher than
0.005%.

In addition, another reason to explain these differences, besides the analysis technique, is
that we used different databases to classify the taxa. Different databases use different ways
to classify the sequences and have different taxonomic arrangements, therefore the results

may vary even though the samples are the same.
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Figure 4.3. Relative abundance (%) barplot of the main bacterial and archaeal phyla based
on the analysis in the crossbred Duroc x Iberian population. Phyla with a relative

abundance/activity lower than 1% were grouped as “Other”.
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Both results from 16S rRNA gene analysis and metagenome showed the genera considered
part of the faecal core microbiota (Holman et al., 2017) among the most abundant taxa.
However, Rikenellaceae RC9 gut group did not appear in the database used for the
metagenomic analysis, probably due to the fact that this genus was first reported recently
(Sun et al., 2015). The characterisation of this genus of the order Bacteroidales and the
presence of non-annotated taxa in the 16S rRNA gene sequence analysis could partly

explain the differences in the relative abundance of genera such as Prevotella.

The most abundant Firmicutes genus in the metagenomic study was Clostridium, surpassed
by two genera from the phylum Bacteroidota (Prevotella and Bacteroides). However, in the
metatranscriptomic analysis, the genus Clostridium was by far the most active, accounting
for over 20% of the total activity, whereas its relative abundance in the metagenome analysis
was much lower. In previous studies by our group, it was found to be more abundant in the
small intestine (Crespo-Piazuelo et al., 2018). While some species of the Clostridium genus
are pathogenic (e.g. Clostridium botulinum or Clostridium perfringens), there are species
such as Clostridium butyricum that are commensals and have beneficial effects on gut
health, such as the production of butyrate. This species is found at high levels in different
mammals and acts as a probiotic (Peng et al., 2023). The metatranscriptomic differential
analysis showed Clostridium hydrogeniformans as an overabundant species in samples with
high content in acetic acid, which agrees with the fact that it can act as an acetate producer
(Bowman et al., 2010).

This higher activity of the genus Clostridium also agrees with the most expressed gene in
the differential analysis, sspD, which encodes for a sporulation protein commonly found in
clostridia that gives the bacteria resistance to heat, UV radiation and chemical components
(Paredes-Sabija et al., 2008).
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4.5. Association between the gut microbiota and the fatty

acid composition

Our study was one of the first studies assessing the relationship between gut microbiota and
fatty acid composition (Sebastia et al., 2024). Although some moderate correlations between
gut bacteria and SCFAs were found, the correlation between gut microbiota and the fatty
acid composition of backfat and muscle were low. One of the main reasons we hypothesised
for these lower correlations was the indirect relationship between gut microbiota and fatty
acid deposition in backfat and muscle, as opposed to the direct relationship between gut
microbiota and SCFAs. While our metagenomic analysis did not show relevant differential
abundances, the metatranscriptomic study confirmed some correlations observed between
microbial genera and fatty acid composition in the 16S rRNA gene sequence analysis. 16S
rRNA gene sequence analysis showed Prevotella as the genus with the highest correlation
with butyric acid, and Prevotella copri was found to more active in pigs with high levels of
this SCFA in rectal content in the metatranscriptomic analysis. This species is considered a
succinate producer (Franke & Deppenmeier, 2018), which could be converted to butyrate,

and that could be the reason why it had a higher activity in the metatranscriptomic analysis.

Conversely, the Akkermansia genus described in the 16S rRNA gene sequence study
showed a positive correlation with the abundance of acetic acid, and Akkermansia
glycaniphila was found to have more activity in samples with higher levels of acetic acid in
the metatranscriptomic analysis. It is worth to mention that rather than Akkermansia
muciniphila, a common inhabitant of the colon (Dao et al., 2016), the species found more
active was Akkermansia glycaniphila, an acetate producer. In addition, A. glycaniphila has
been recently described as a gut inhabitant and is also a mucin degrader (Lv et al., 2022;
Ouwerkerk et al., 2016).

In the 16S rRNA gene sequence analysis the Methanobrevibacter genus was positively
correlated with the abundance of acetic acid and negatively correlated with butyric acid,
similar to Akkermansia. In accordance, acetate supports the growth of the species M. smithii,
as it simulates the use of formate to produce methane, and this genus is the most abundant
methanogen in the colon of finishing pigs (Mi et al., 2019). However, the other archaeon
identified in the 16S rRNA gene sequence analysis, a member of the
Methanomethylophilaceae family, only reported a negative correlation with butyric acid

levels.

Altogether, the correlations do not imply a direct causality. The microbiota promotes the

presence of certain SCFAs, as in the lactic acid bacteria found more active in the
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metatranscriptomic analysis, which had a higher activity in samples with high levels of acetic
acid. However, the reverse situation also occurs, as the presence of certain SCFAs

promotes the proliferation of different genera that use them as a substrate.

Furthermore, while we have observed that the microbiota may have a certain influence in
host gene expression, the opposite situation also occurs, as different bacterial genera are
influenced by the genetics and gene expression of the individual. In a parallel analysis of a
subset of the Duroc x Iberian population for a related article, it was observed that the genera
Phascolarctobacterium, Roseburia, and Faecalibacterium were more abundant when the
sampled animals had a higher number of copies of a copy number variant (CNV) located on
SSC14. This CNV partially contains the genes ABCC2 and DNMBP and has been
associated with fatty acid composition (Ramayo-Caldas et al.,, 2023).
Phascolarctobacterium, in addition, was found relevant in a previous study of
Crespo-Piazuelo and colleagues, in which they detected candidate genes in a region of
SSC9 that could be related to the abundance of this genus (Crespo-Piazuelo et al., 2019).
These three genera are present in the pig intestine and are associated with the production of
SCFA, propionate in the case of Phascolarctobacterium, and butyrate in the case of
Roseburia and Faecalibacterium. All three genera have been linked to a better intestinal
health (W. Li et al.,, 2022; Machiels et al., 2014), and the species Faecalibacterium

prausnitzii is known to have anti-inflammatory properties (Lopez-Siles et al., 2017).
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4.6. Microbiota - gene expression - lipid metabolism

Throughout the different studies of the present thesis, we have observed an interrelation
between the fatty acid composition of different tissues, gene expression, and gut microbiota,
among other factors. Gene expression in backfat, liver and muscle significantly influences
the lipid metabolism of the host and their fatty acid composition within tissue. Meanwhile the
microbiota, shaped by the diet, produces various metabolites that may be incorporated into
the lipid metabolism of the host, while the genetics of the hosts and this same metabolism

can also shape the gut microbiota.

While intramuscular fat serves as a storage and production site for fatty acids in pigs, with a
higher expression of genes involved in the synthesis of SFAs and MUFAs, such as FASN
and long-chain fatty acid desaturases like SCD, ELOVL6, or FADS2, the liver is
characterised by a prevalence of genes involved in the elongation of PUFAs, such as
ELOVL2. Moreover, the liver plays a significant role in the regulation of inflammation and
immunity, partly due to its production of PUFAs. The liver expression of the previous genes
has been found modulated by changes in the gut microbiota in ducks (Gu et al., 2022) and in
mice (Albouery et al., 2020), where a dysregulated microbiota caused a reduction in the
production of PUFA.

Many commensal genera produce SCFAs as metabolites that may be influencing lipid
metabolism and immunity. While Prevotella has been associated both positively and
negatively with intestinal health, the most abundant species we have found (P. copri) is a
succinate producer. Succinate is an intermediate metabolite in the pathway of SCFAs
production by microbial fermentation and also regulates mucosal immunity in the intestine of
pigs (X. Li et al., 2019; Louis & Flint, 2017). Other bacteria such as Phascolarctobacterium
or Clostridium can utilise this substrate and produce SCFAs (Wei et al., 2023).

Butyrate is one of the metabolites derived from the utilisation of succinate, although it can
also be produced from carbohydrate fermentation. This SCFA serves as the primary energy
source for colonocytes and contributes to intestinal health by modulating the immune
system, maintaining the integrity of the intestinal barrier, and exerting anti-inflammatory
effects (Klampfer et al., 2003; Roediger, 1982).

Acetate and propionate are absorbed to a greater extent by the host. While in the liver, they
can influence fatty acid oxidation through the activation of PPARGC1A, acetate serves as an
initial molecule in de novo fatty acid synthesis. It is converted into acetyl-CoA and then into

malonyl-CoA by the ACACA gene. From here, the FASN gene elongates two carbons in
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each reaction until producing C16:0 (Corominas, Ramayo-Caldas, Puig-Oliveras,

Pérez-Montarelo, et al., 2013).

The previously mentioned bacteria can be considered commensal microorganisms that
produce beneficial metabolites for the host, but, conversely, potentially pathogenic bacteria
can activate the animal's immunity and also, they may be modulated by it. For instance, we
found a negative correlation between Escherichia-Shigella and propionate, and this SCFA
limits the expansion of pathogens like Salmonella and Shigella by disrupting their

intracellular pH balance (Jacobson et al., 2018).
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4.7. Future perspectives

The study of the influence of the microbiota on the host and its interactions is an expanding
field that has received more attention in recent years. While in human research the aim is to
apply this knowledge to improve intestinal health and reduce the severity or incidence of
diseases such as IBD or certain types of cancer, in production animals, the main goal is to
improve growth efficiency and meat quality, as well increasing their resilience. Therefore,
characterising the intestinal microbiota and its relationships with gene expression or fatty
acid profiles allows for the identification of taxa involved in desirable traits, which can be
supplemented through diet. Moreover, certain microbial species can be considered
biomarkers for traits such as intestinal health, so determining their presence or abundance
provides insight into the animal's immune status and can pre-empt more serious health
issues that could impact its productive efficiency. This approach also helps avoid the use of
antibiotics, which can promote the proliferation of resistant bacteria. The validation of these

biomarkers will enable their application in the nutrition programs of production animals.

The WGCNA study was conducted in an Iberian and Duroc backcross. However, we have
observed in previous studies that the expression of many lipid metabolism genes varies
depending on the breed. Therefore, it could be interesting to apply this study to different
backcrosses available or to analyse commercial populations since this analysis was carried

out in experimental populations that do not fully reflect the commercial lines.

One of the main drawbacks of the comparative analysis between the intestinal microbiota
and gene expression in the liver was that the two datasets were collected at different ages of
the animals, increasing the difficulty of interpreting their relationship. Additionally, since the
gut microbiota sample was taken at two months of age, its profile will vary considerably until
adulthood, making it difficult to establish genuine relationships between its composition and
gene expression. To address this issue, longitudinal analyses of intestinal microbial
composition could be performed to assess changes over time and identify genera that may
be involved in liver gene expression. Another additional approach could involve comparing
the intestinal microbiota with the liver fatty acid profile to determine if any genus can predict

the abundance of certain fatty acids.

To get a comprehensive view of the effect of the microbiota on the host through SCFA
production, we believe further studies should include the gene expression of the enterocytes
of small and large intestines and the SCFA profile of blood, in addition to the rest of the
animal material mentioned in this thesis: fatty acid profiles and gene expression in liver,

backfat and muscle, as well as SCFA levels in the gut. This would allow us to assess and
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trace more direct relationships between host metabolism and gut microbiota, and understand

how they influence each other.

As research progresses in studying the microbial composition across different environments,
newer updates to taxonomic databases will deepen our knowledge of unknown or not
annotated species. At the moment, the Greengenes2 database identified genera that are still
not well characterised, such as SFLAO1, a genus with great relevance in our study and
found to be associated with the expression of various genes in liver. This improvement in
taxonomic classification would improve our understanding of this species and another

species, their similarity to others and their functions.

Nowadays, there are constant advances in sequencing techniques (TGS), the development
of new pipelines, and the computing power for analysis and storage is increasing constantly.
Therefore, the study of different omics is becoming more affordable, which will allow for more
complex studies with a greater number of samples, deeper dataset characterization, and

more precise relationships through systems biology.
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Conclusions

The WGCNA method identified four significant modules of co-expressed genes in
longissimus dorsi muscle of a backcrossed Iberian x Duroc pig population. Two of the
relevant modules had positive correlations with SFAs and MUFAs, and negative
correlations with PUFAs and the omega-6/omega-3 ratio. Conversely, the other two
relevant modules exhibited inverse relationships with the FA composition and

omega-6/omega-3 ratio.

The two modules positively correlated with SFAs and MUFAs had enriched pathways
related to insulin and FA biosynthesis. On the contrary, the modules positively
correlated with PUFAs and the omega-6/omega-3 ratio had enriched pathways

related to adipocytokine signalling and FA B-oxidation in the mitochondria.

The analysis of the region V3-V4 of the 16S rRNA gene in the rectal microbiota
content in a commercial Duroc x Iberian population detected the Rikenellaceae RC9
gut group as the most abundant genus. Furthermore, the levels of Rikenellaceae
RC9 gut group were negatively correlated with the stearic acid percentage in backfat.
This genus also exhibited a positive correlation with palmitic acid and a negative
correlation with oleic acid in muscle, suggesting a role for Rikenellaceae RC9 gut

group in the modulation of the FA composition.

Prevotella was the third most abundant genus and its abundance showed a negative
correlation with the levels of acetic acid and a positive correlation with the levels of
butyric acid in the gut. Conversely, Akkermansia showed the opposite correlations
with the levels of rectal acetic and butyric acids, highlighting the potential role of both

Akkermansia and Prevotella as biomarkers for the SCFA profile in the gut.

The metagenomic and metatranscriptomic analysis of a subset of the Duroc x Iberian
population with divergent content in SCFAs identified Akkermansia glycaniphila as an
acetate producer, while Prevotella copri was positively associated with the

abundance of butyric acid.

The Clostridium genus was the most active genus in the metatranscriptomic analysis,
and together with Lactobacillus species, were more active in samples with high acetic
acid and low propionic acid content. In agreement with their reported activity, the
most abundant KO was K06421 (sspD), a gene commonly found in Bacillus and
Clostridium species. In the functional analysis, most of the differentially expressed
genes encoded for proteins related with sporulation and bacteriophage activity, which

can be explained by the harsh conditions of the environment.
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7. Bacterial genera taken from the rectal content of 60 day-old Duroc piglets, may
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predict the expression of certain liver genes at slaughter. Thus, Caccousia,
Eubacterium, Floccifex, Mediterraneibacter, SFLAO1, and Streptococcus were
correlated with the expression of key genes related with liver metabolism and
functions such as ABCD3, CXCL8, CYP8B1, DEFB1, ELOVL2, FADS2, HMGCS2,
MZB1 and SCD.
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Annexes

7.1. Supplementary material Paper I: “Gene co-expression
network analysis for porcine intramuscular fatty acid

composition”

Supplementary Table S1. Gene pathways and source.

Pathway

ABC transporters in lipid homeostasis pathway
Activating transcription factor binding
Adipocytokine signaling pathway
Adipogenesis pathway

Alanine aspartate and glutamate metabolism pathway

Alditol metabolic process

Amine catabolic process

Amino Acid metabolism pathway

AMPK signaling pathway

Angiopoietin Like Protein 8 Regulatory pathway
Arachidonic acid metabolism pathway

Beta-Oxidation pathway

Beta-Oxidation pathway of pristanoyl-CoA pathway

Beta-Oxidation pathway, acyl-CoA synthesis pathway

Biosynthesis of the N-glycan precursor(dolichol lipid-linked
oligosaccharide-LLO) and transfer to a nascent protein
pathway

Biosynthesis of unsaturated Fatty acids pathway

Canonical Wnt signaling pathway

Carbon metabolism pathway

Source
Reactome-R-HSA-1369062
BioSystem-G0:0033613
KEGG-hsa04920
WikiPathways-WP236

ConsensusPathDB_path_hsa00250 _
KEGG

BioSystem-G0:0019400
BioSystem-G0:0009310
Pathcards-genecardsDB
KEGG-hsa04152
WikiPathways-WP3915
KEGG-hsa00590

BioSystems_NCBI-KEGG-PATHWAY

_hsa_M00087

BioSystems_NCBI-REACTOME-R-H
SA-389887

BioSystems_NCBI-KEGG-PATHWAY

_hsa_M00086

Reactome-R-HSA-446193

BioSystems_NCBI-KEGG-PATHWAY

_hsa01040

BioSystems-Interaction-Database-BS
ID-138032

Pathcards-genecardsDB
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Pathway

Carboxylic acid biosynthetic process
Carboxylic acid catabolic process
Cellular amino acid catabolic process
Cellular lipid metabolic process
Cellular response to insulin stimulus
Cholesterol homeostasis

Cholesterol metabolic process

Citrate cycle-first carbon
oxidation-oxaloacetate=>2-oxoglutarate pathway

Cutin-suberine and wax biosynthesis pathway
Cytochrome P450-arranged by substrate type pathway

Fatty Acid Biosynthesis pathway

Fatty acid degradation pathway

Fatty acid elongation pathway

Fatty acid metabolic process

Fatty acid-triacylglycerol and Ketone body metabolism
pathway

Folate biosynthesis pathway

Free fatty acid receptors pathway
Glucocorticoid biosynthetic process
Glucose homeostasis
Glycerophospholipid biosynthesis pathway
Growth hormone receptor signaling

Insulin receptor signaling

Lipid biosynthetic process

254

Source

BioSystem-G0:0046394
BioSystem-G0:0046395
BioSystem-G0:0009063
BioSystem-G0:0044255
BioSystem-G0:0032869
BioSystem-G0:0042632

Informatics-jax-org-vocab-GO_ 00082
03-MGl

BioSystems_NCBI-KEGG-PATHWAY

_hsa_M00010

KEGG-map00073
Pathcards-genecardsDB

BioSystems_NCBI-KEGG-PATHWAY

_hsa00061

BioSystems_NCBI-KEGG-PATHWAY

_hsa00071

BioSystems_NCBI-KEGG-PATHWAY

_hsa00062

BioSystem-G0:0006631

Reactome-R-HSA-535734

ConsensusPathDB_path _hsa00790 _
KEGG

Reactome-R-HSA-444209
BioSystem-G0:0006704
BioSystem-G0:0042593
Pathcards-genecardsDB
BioSystem-G0:0060396
BioSystems_NCBI-G0:0008286

BioSystem-G0:0008610



Pathway
Lipid digestion-mobilization and transport pathway
Lipid homeostasis

Lipid metabolic process

Lipid oxidation

Lipoprotein oxidation

Long-chain fatty acid metabolic process
Lysosphingolipid and LPA receptors pathway
Metabolism of lipids pathway

mTOR signaling pathway

Negative regulation of lipoprotein lipid oxidation
Non-alcoholic fatty liver disease (NAFLD) pathway
Organic acid biosynthetic process

Organic acid catabolic process

Organophosphate metabolic process

Plasma lipoprotein oxidation

PPAR signaling pathway

Pyruvate metabolism pathway

Pyruvate oxidation-pyruvate=>acetyl-CoA pathway
Regulation of Cholesterol biosynthesis pathway by SREBP
(SREBF)

Regulation of fatty acid Beta-Oxidation

Regulation of fatty acid oxidation

Regulation of insulin receptor signaling

Regulation of lipid biosynthetic process

Regulation of lipid metabolism by PPARalpha pathway

Regulation of lipolysis in adipocytes

Annexes

Source
Reactome-R-HSA-73923
BioSystem-G0:0055088

Informatics-jax-org-vocab-GO_ 00066
29-MGl

BioSystems_NCBI-G0:0034440
BioSystems_NCBI-G0:0042161
BioSystem-G0:0001676
Reactome-R-HSA-419408
Reactome-R-HSA-556833
BioSystems_NCBI-mtor_4-pathway
BioSystems_NCBI-G0:0060588
KEGG-hsa04932
BioSystem-G0:0016053
BioSystem-G0:0016054
BioSystem-G0:0019637
BioSystems_NCBI-G0:0034441
Wikipathways-WP3942
KEGG-hsa00620

BioSystems_NCBI-KEGG-PATHWAY
_hsa_M00307

Reactome-Ptahway-R-HSA-1655829

BioSystems_NCBI-G0:0031998
BioSystems_NCBI-G0:0046320
BioSystems_NCBI-G0:0046626
BioSystem-G0:0046890
Reactome-R-HSA-400206

Pathcards-genecardsDB
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Pathway

Regulation of lipoprotein lipid oxidation
Response to retinoic acid

Reverse cholesterol transport

Role of phospholipids in phagocytosis pathway
Steroid hormone biosynthesis pathway

Steroid metabolic process

Sterol metabolic process

The fatty acid cycling model pathway
Transport of Fatty acids pathway

Triacylglyceride Synthesis pathway

256

Source
BioSystems_NCBI-G0:0060587
BioSystem-G0:0032526
BioSystem-G0:0043691
Reactome-R-HSA-2029485
Pathcards-genecardsDB

DAVID-GOTERM_BP_FAT-GO:0008
202

DAVID-GOTERM_BP_FAT-GO:0016
125

Reactome-R-HSA-167826
Reactome-R-HSA-804914

BioSystems_NCBI-WikiPathways-W
P325
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Supplementary Table S2. LogCPM expression of lipid metabolism genes.

Available in GitHub: https://github.com/cristinasebastia294/Thesis-supplementary-stuff

Supplementary Table S3. Gene - module membership.

Available in GitHub: https://github.com/cristinasebastia294/Thesis-supplementary-stuff

Supplementary Table S4. Significantly enriched pathways

Available in GitHub: https://github.com/cristinasebastia294/Thesis-supplementary-stuff
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Supplementary Figure S1. Co-expression networks of relevant modules. Edges in green

show positive relationships and edges in red show negative relationships. a) Yellow module.

b) Green module. c) Brown module.
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7.2. Supplementary material Paper II: “Interrelation
between gut microbiota, SCFA and fatty acid composition
in pigs”

All the supplementary information regarding this article is already published in:

h ://journals.asm.or i/full/10.1128/m ms.01049-2
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7.3. Supplementary material Paper lll: “Metagenomic and
metatranscriptomic interplay between the pig gut
microbiota and short-chain fatty acids

Supplementary Table S1. Main programs and functions of the bioinformatic tools used for

the metagenomic and metatranscriptomic analyses.

a) Programs included in metaWRAP for metagenomic analysis.

Module

read_qc

assembly

binning

bin_refinement

quant_bins

reassemble_bins

classify_bins

annotate bins

Programs
included
Trim-galore v0.6.6,
bmtagger v3.101,
FASTQC v0.11.9

MegaHit v1.2.9,

metaSPAdes v3.14.1,

QUAST v4.1

CONCOCT v1.1.0,
MaxBin v2.2.5,
MetaBAT v2.12.1,
bwa v0.7.17,
Samtools v1.9,
CheckM 1.0.18
Own algorithm,
CheckM v1.0.18

Salmon v0.13.1,
Seaborn v0.9.0

bwa v0.7.17, SPAdes

v3.14.1, CheckM
v1.0.18

MegaBLAST v2.6.0,

taxator-tk v1.3.3e

PROKKA v1.13

kraken?2 (optative) KRAKEN2 v2.1.1,

260

KronaTools v2.7.1

Function Input Output
Filters out low quality Raw FASTQ Cleaned FASTQ
reads and host files files, QC reports

sequences

Assembles the forward [Cleaned FASTQ|A single FASTA

and reverse reads sets files (forward  (file per sample,

and reverse) report

FASTA file Folders for each
binner with the
sequences
divided in the
different bins

Bins the assembly

Folders with the
refined bins,
statistics file

Chooses the best binner [Folders with all
and uses an hybrid the bins
algorithm to improve the

results

Quantifies the abundanceFolder with the |File tab with the
of each bin and the refined bins abundances,
distribution of the abundance
genomes in the samples heatmap

Folders with the
refined bins

Folders with the
improved results,
statistics file and
graphs

Tab file with the
classification of
each bin

Improves the binning
results

Determines the taxonomy|Folder with the
of each bin reassembled
bins

Folder with the
reassembled
bins

Estimates the taxonomy |FASTQ or
with the non-binned |[FASTA files
samples

Different files with
the annotations

Functionally annotates
each contig of each bin

Kraken2, krak2,
and krona files,
report



Module Programs
included

blobology MegaBLAST v2.6.0,

(optative) bowtie2 v2.3.5.1

Annexes

Function Input Output

Estimates the taxonomy [FASTQ and Blob plots,

with the non-binned FASTA files, taxonomy
samples and creates folders with all |information files
plots of the abundance the bins

and GC content,

annotating them with

phylogenetic or bin

information

b) Programs included in SAMSAZ2 for metatranscriptomic analysis.

Program/Scripts Function Input Output
Trimmomatic v0.36 Filters out low quality Raw FASTQ files  |Cleaned FASTQ files
sequences
PEAR v0.9.8 Merges forward and reverse |[Forward and reverselAssembled FASTQ
files FASTQ files files
SortMeRNA v2.1 Removes the ribosomal Assembled FASTQ |Ribodepleted FASTQ
sequences files files
DIAMOND v0.8.3 Aligns sequences (similarly |Ribodepleted Annotated files,
to BLAST, but faster) FASTQ files against RefSeq and
SEED Subsystems
databases
Python scripts: Aggregate DIAMOND results /Annotated files Aggregated files,
DIAMOND _analysis_counter. for each database result different tsv tables
py, for RefSeq organism,

DIAMOND _subsystems_anal
ysis_counter.py and

RefSeq function and
SEED Subsystems

DIAMOND _specific_organis databases
m_counter.py

R scripts: diversity _stats.R, |Perform some statistical Aggregated files Different tables and
make_DESeq PCA.R, analyses and plots of the graphs

make_DESeq_heatmap.R, (different results

make_combined_graphs.R,
run_DESeq_stats.R and
volcano_plot.R
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Supplementary Table S2. Results of the differential abundance and expression analysis for

the content in acetic, propionic and butyric acids.

Available in GitHub: https://github.com/cristinasebastia294/Thesis-supplementary-stuff
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7.4. Supplementary material Paper IV.

Annexes

Supplementary Table S1. Genes involved in energy metabolism, lipid metabolism or

immunity based on GO keywords retrieved with DAVID database.

ID

ENSSSCG00000036808

ENSSSCG00000012347

ENSSSCG00000062489

ENSSSCG00000041313

ENSSSCG00000052903

ENSSSCG00000053150

ENSSSCG00000053251

ENSSSCG00000006359

ENSSSCG00000031791

ENSSSCG00000028620

ENSSSCG00000056267

ENSSSCG00000061605

ENSSSCG00000008953

ENSSSCG00000041467

ENSSSCG00000001045

ENSSSCG00000031616

ENSSSCG00000015617

ENSSSCG00000014725

ENSSSCG00000017507

ENSSSCG00000031037

ENSSSCG00000041880

ENSSSCG00000038719

ENSSSCG00000036224

ENSSSCG00000039102

ENSSSCG00000060584

Gene Name
3-hydroxy-3-methylglutaryl-CoA synthase 2

5'-aminolevulinate synthase 2

ADAM metallopeptidase with thrombospondin type 1
motif 4

ADP ribosylation factor 4

ATP binding cassette subfamily D member 3
ATP synthase subunit a

C-X-C motif chemokine

C-X-C motif chemokine ligand 8

Coiled-coil domain containing 194

ELOVL fatty acid elongase 2

FosB proto-oncogene, AP-1 transcription factor subunit
GO0/G1 switch 2

Globin family profile domain-containing protein
Grh/CP2 DB domain-containing protein

Ig-like domain-containing protein

Ig-like domain-containing protein

Ig-like domain-containing protein

Ig-like domain-containing protein

Ig-like domain-containing protein

Ig-like domain-containing protein

Short Name
HMGCS2

ALAS2

ADAMTS4

ARF4

ABCD3

CXCL8
CCDC194
ELOVL2
FOSB

G0S2
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ID

ENSSSCG00000061568
ENSSSCG00000063511
ENSSSCG00000040961
ENSSSCG00000030655
ENSSSCG00000003669
ENSSSCG00000038811

ENSSSCG00000056213

ENSSSCG00000033735
ENSSSCG00000017032
ENSSSCG00000014900
ENSSSCG00000043115
ENSSSCG00000013369
ENSSSCG00000052907
ENSSSCG00000045040
ENSSSCG00000009469
ENSSSCG00000035186
ENSSSCG00000040337
ENSSSCG00000002814
ENSSSCG00000059591
ENSSSCG00000016402
ENSSSCG00000037878
ENSSSCG00000005608
ENSSSCG00000036965
ENSSSCG00000040689
ENSSSCG00000010992
ENSSSCG00000008072
ENSSSCG00000023178

ENSSSCG00000032082
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Gene Name

Ig-like domain-containing protein
Ig-like domain-containing protein
LIF interleukin 6 family cytokine

MAM domain containing 2

MFSD2 lysolipid transporter A, lysophospholipid

MOB kinase activator 3B

Murine leukemia virus integrase C-terminal
domain-containing protein

PPARGC1 and ESRR induced regulator, muscle 1

PTTG1 regulator of sister chromatid separation, securin

RAB30, member RAS oncogene family
SLAM family member 9-like

Serum amyloid A protein

Serum amyloid A protein
Transmembrane protein 258

aconitate decarboxylase 1

adenylate cyclase activating polypeptide 1
adenylate kinase 4

adhesion G protein-coupled receptor G3
Adrenomedullin 2

alanine--glyoxylate aminotransferase
alpha hemoglobin stabilizing protein
angiopoietin like 2

angiopoietin like 8

apolipoprotein A4

Aquaporin 7

asporin

basic leucine zipper ATF-like transcription factor 2

bone morphogenetic protein 8a

Short Name

LIF
MAMDC2
MFSD2A

MOB3B

PERM1
PTTG1

RAB30

ACOD1
ADCYAP1
AK4
ADGRRG3
ADM2
AGXT
AHSP
ANGPTL2
ANGPTLS8
APOA4
AQP7
ASPN
BATF2

BMPS8A



ID

ENSSSCG00000037514

ENSSSCG00000036589

ENSSSCG00000012845

ENSSSCG00000008555

ENSSSCG00000004484

ENSSSCG00000003006

ENSSSCG00000061845

ENSSSCG00000006238

ENSSSCG00000054436

ENSSSCG00000029990

ENSSSCG00000027555

ENSSSCG00000003417

ENSSSCG00000004675

ENSSSCG00000004676

ENSSSCG00000032911

ENSSSCG00000020990

ENSSSCG00000015212

ENSSSCG00000013072

ENSSSCG00000003140

ENSSSCG00000016892

ENSSSCG00000009667

ENSSSCG00000007978

ENSSSCG00000007977

ENSSSCG00000058639

ENSSSCG00000055724

ENSSSCG00000011717

ENSSSCG00000028331

ENSSSCG00000040638

ENSSSCG00000016401

Gene Name

bone morphogenetic protein 8b

brain enriched guanylate kinase associated

cell cycle exit and neuronal differentiation 1

cell growth regulator with EF-hand domain 1
collagen type Xll alpha 1 chain

cytochrome P450 family 2 subfamily B member 6A
cytochrome P450 family 2 subfamily C member 293
cytochrome P450 family 7 subfamily A member 1
cytochrome P450 family 8 subfamily B member 1
defensin beta 1

defensin, beta 1

dispatched RND transporter family member 3
dual oxidase 1

dual oxidase maturation factor 2

dual specificity phosphatase 8

dynein axonemal heavy chain 12

fasciculation and elongation protein zeta 1

fatty acid desaturase 2

fibroblast growth factor 21

follistatin

gulonolactone (L-) oxidase

hemoglobin subunit alpha

hemoglobin subunit mu

hydroxymethylglutaryl-CoA synthase, mitochondrial-like

immunoglobulin heavy variable 3-23(LOC100125542)

immunoglobulin superfamily member 10
interleukin 1 receptor type 2
iodothyronine deiodinase 2

kinesin family member 1A

Annexes

Short Name
BMP8B
BEGAIN
CEND1
CGREF1
COL12A1
CYP2B6A
CYP2C293
CYP7A1
CYP8B1
DEFB1
DEFB1
DISP3
DUOX1
DUOXA2
DUSP8
DNAH12
FEZ1
FADS2
FGF21
FST

GULO

HBM

IGSF10
IL1R2
DIO2

KIF1A
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ID

ENSSSCG00000025188
ENSSSCG00000014232
ENSSSCG00000004454
ENSSSCG00000029239
ENSSSCG00000011862
ENSSSCG00000015871
ENSSSCG00000005385
ENSSSCG00000031321
ENSSSCG00000035863
ENSSSCG00000016720
ENSSSCG00000003551
ENSSSCG00000015579
ENSSSCG00000034632
ENSSSCG00000034656
ENSSSCG00000036865
ENSSSCG00000014422
ENSSSCG00000031595
ENSSSCG00000038006
ENSSSCG00000012993
ENSSSCG00000002515

ENSSSCG00000011641

ENSSSCG00000010554
ENSSSCG00000032374

ENSSSCG00000005455

ENSSSCG00000004789
ENSSSCG00000015525
ENSSSCG00000026043

ENSSSCG00000014871
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Gene Name

leptin receptor

lysyl oxidase

malic enzyme 1

marginal zone B and B1 cell specific protein
mucin 13, cell surface associated

nuclear receptor subfamily 4 group A member 2
nuclear receptor subfamily 4 group A member 3
nuclear receptor subfamily 4, group A, member 1
Perilipin 2

phosphoglycerate mutase 2

progestin and adipoQ receptor family member 7
prostaglandin-endoperoxide synthase 2
pyridoxal phosphatase

reticulon 4 receptor

serine dehydratase

serine peptidase inhibitor Kazal type 5

serpin A3-8

solute carrier family 25 member 33

solute carrier family 25 member 45

solute carrier family 25 member 47

solute carrier organic anion transporter family member

2A1
stearoyl-CoA desaturase

sulfotransferase family cytosolic 1B member 1

sushi, von Willebrand factor type A, EGF and pentraxin

domain containing 1
Thrombospondin 1

torsin family 3 member A
Transglutaminase 3

tsukushi, small leucine rich proteoglycan

Short Name
LEPR
LOX
ME1
MZB1
MUC13
NR4A2
NR4A3
NR4A1
PLIN2
PGAM2
PAQR7
PTGS2
PDXP
RTN4R
SDS

SPINKS

SLC25A33
SLC25A45
SLC25A47

SLCO2A1

SCD

SVEP1

THBS1
TOR3A
TGM3

TSKU
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ID Gene Name Short Name
ENSSSCG00000032398 vestigial like family member 3 VGLL3
ENSSSCG00000002908 zinc finger and BTB domain containing 32 ZBTB32
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Supplementary Table S2. rCCA connections between genes and genera filtered for an

absolute weight > 0.15. A positive weight indicates a positive relationship and a negative

weight indicates a negative relationship.

Gene Genus Weight
ENSSSCG00000018063 | UBA1259 -0.1905
ENSSSCG00000018063 | CAG-302 -0.1926
ENSSSCG00000018063 | Lachnospira -0.1699
ENSSSCG00000018063 | SFDBO1 0.1653
ENSSSCG00000018063 | Hallerella -0.1720
ENSSSCG00000018063 | Onthomonas -0.1988
ENSSSCG00000018063 | Unassigned UBA932 0.1938
ENSSSCG00000018063 Caproiciproducens -0.1819
ENSSSCG00000018063 Cryptobacteroides 0.1534
ENSSSCG00000018063 | Unassigned Bacteroidaceae -0.1879
ENSSSCG00000018063 | Mitsuokella 0.1748
ENSSSCG00000018063 | Choladousia -0.1708
ENSSSCG00000018063 | Unassigned Gastranaerophilaceae 0.2046
ENSSSCG00000018063 | CAG-533 -0.2153
ENSSSCG00000018063 | SFLAO1 0.2113
ENSSSCG00000018063 | Unassigned Peptostreptococcaceae -0.1652
ENSSSCG00000018063 | Agathobaculum 0.1848
ENSSSCG00000018063 | MARSEILLE-P3954 -0.1667
ENSSSCG00000018063 | Faecalibacterium -0.1909
ENSSSCG00000018063 | Floccifex -0.2147
ENSSSCG00000018063 Ornithospirochaeta -0.1798
ENSSSCG00000018063 | UBA2834 0.1539
ENSSSCG00000018063 Copromorpha 0.1562
ENSSSCG00000018063 | CAG-313 0.1655
ENSSSCG00000018063 | CAG-349 -0.2195
ENSSSCG00000018063 | Streptococcus -0.2349
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Gene Genus Weight
ENSSSCG00000018063 | Onthovivens 0.1649
DEFB1 UBA1259 0.1515
DEFB1 Caproiciproducens 0.1548
DEFB1 Sutterella 0.1615
DEFB1 Mediterraneibacter 0.1717
DEFB1 Unassigned Peptostreptococcaceae 0.1589
DEFB1 Eubacterium (Lachnospiraceae) 0.1760
DEFB1 Floccifex 0.1835
DEFB1 Ornithospirochaeta 0.1562
DEFB1 Caccousia 0.1753
DEFB1 Ellagibacter 0.1518
ENSSSCG00000055724 | Floccifex 0.1528
ENSSSCG00000061568 | Sutterella 0.1511
ENSSSCG00000061568 | Mediterraneibacter 0.1533
ENSSSCG00000061568 Unassigned Peptostreptococcaceae 0.1513
ENSSSCG00000061568 | Eubacterium (Lachnospiraceae) 0.1555
ENSSSCG00000061568 | Floccifex 0.1768
ENSSSCG00000061568 | Ornithospirochaeta 0.1503
ENSSSCG00000061568 | Caccousia 0.1634
ENSSSCG00000062467 | Floccifex 0.1648
ENSSSCG00000060872 | Floccifex 0.1526
ENSSSCG00000039102 | Mediterraneibacter 0.1540
ENSSSCG00000039102 | Eubacterium (Lachnospiraceae) 0.1624
ENSSSCG00000063511 Mediterraneibacter 0.1554
ENSSSCG00000063511 Eubacterium (Lachnospiraceae) 0.1656
ENSSSCG00000056525 | Mediterraneibacter 0.1659
ENSSSCG00000056525 | Eubacterium (Lachnospiraceae) 0.1753
ENSSSCG00000060584 | Floccifex 0.1767
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Gene Genus Weight
ENSSSCG00000060584 | Caccousia 0.1509
ENSSSCG00000060584 | Streptococcus 0.1581
ENSSSCG00000061361 | SFLAO1 -0.1832
ENSSSCG00000059271 | SFLAO1 -0.1821
ENSSSCG00000042281 | SFLAO1 -0.1639
ENSSSCG00000057472 | SFLAO1 -0.2015
ENSSSCG00000048258 | SFDBO1 -0.1519
ENSSSCG00000048258 | SFLAO1 -0.2251
ENSSSCG00000051549 | SFLAO1 -0.1677
ENSSSCG00000043613 | SFLAO1 -0.2032
PGAM?2 SFLAO1 -0.1720
ENSSSCG00000053426 | SFLAO1 -0.1995
ENSSSCG00000055843 | SFDBO1 -0.1528
ENSSSCG00000055843 | SFLAO1 -0.2117
ENSSSCG00000055843 | Agathobaculum -0.1564
ENSSSCG00000057894 | SFDBO1 0.1567
ENSSSCG00000057894 | SFLAO1 0.2286
ENSSSCG00000017507 | SFLAO1 0.1984
ENSSSCG00000056082 | SFLAO1 -0.1529
RASD1 UBA1259 0.1554
RASD1 Caproiciproducens 0.1558
RASD1 Sutterella 0.1504
RASD1 Unassigned Gastranaerophilaceae -0.1523
RASD1 Unassigned Peptostreptococcaceae 0.1548
RASD1 Floccifex 0.1844
RASD1 Ornithospirochaeta 0.1563
RASD1 Caccousia 0.1617
RASD1 Streptococcus 0.1603
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Gene Genus Weight
ENSSSCG00000055937 | SFLAO1 -0.1647
ENSSSCG00000060346 | SFLAO1 -0.1808
ENSSSCG00000052680 | SFLAO1 -0.1934
ENSSSCG00000044562 | SFLAO1 -0.1546
ENSSSCG00000010992 | SFLAO1 0.2176
MOB3B SFDBO1 -0.1517
MOB3B SFLAO1 -0.2176
ENSSSCG00000047427 | SFLAO1 -0.1640
ENSSSCG00000058351 | SFLAO1 -0.1602
ACOD1 SFLAO1 -0.1675
ENSSSCG00000048696 | Eubacterium (Lachnospiraceae) -0.1571
ENSSSCG00000017032 | SFLAO1 -0.1749
FST Floccifex 0.1598
ADM?2 SFLAO1 -0.1922
ADM?2 Eubacterium (Lachnospiraceae) -0.1611
NR4A1 Mediterraneibacter 0.1619
NR4A1 Eubacterium (Lachnospiraceae) 0.1705
PDXP SFDBO1 -0.1516
PDXP SFLAO1 -0.2277
PDXP Eubacterium (Lachnospiraceae) -0.1570
ENSSSCG00000053597 | SFLAO1 0.1560
ENSSSCG00000056213 | SFLAO1 0.2086
ENSSSCG00000058911 SFLAO1 -0.1738
ELOVL2 SFDBO1 0.2128
ELOVL2 Unassigned UBA932 0.1511
ELOVL2 Fimousia 0.1604
ELOVL2 SFLAO1 0.3043
ELOVL2 Agathobaculum 0.2093

271



Integrative analysis of gut microbiome, gene expression, and lipid metabolism in pigs

Gene Genus Weight
ELOVL2 Unassigned CAG-508 0.1761
ELOVL2 Collinsella 0.1500
ELOVL2 Catenibacterium 0.1584
ELOVL2 Copromorpha 0.1651
ELOVL2 CAG-349 -0.1595
BEGAIN SFLAO1 -0.1733
ENSSSCG00000031595 | Floccifex 0.1567
SLC25A47 SFLAO1 0.1538
DIO2 Floccifex -0.1775
DIO2 Ornithospirochaeta -0.1504
DIO2 Caccousia -0.1551
DIO2 Streptococcus -0.1550
ALAS2 SFDBO01 -0.1544
ALAS2 SFLAO1 -0.2171
ALAS2 Agathobaculum -0.1552
ENSSSCG00000049683 | SFDBO1 0.1558
ENSSSCG00000049683 | SFLAO1 0.2292
ADAMTS4 Mediterraneibacter 0.1774
ADAMTS4 Eubacterium (Lachnospiraceae) 0.1884
ADAMTS4 Caccousia 0.1542
HMGCS2 SFDBO01 0.1821
HMGCS2 Helicobacter 0.1520
HMGCS2 Limivivens -0.1533
HMGCS2 Unassigned Erysipelotrichaceae -0.1673
HMGCS2 Mediterraneibacter 0.2056
HMGCS2 SFLAO1 0.2800
HMGCS2 Eubacterium (Lachnospiraceae) 0.2286
HMGCS2 Agathobaculum 0.1616
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Gene Genus Weight
HMGCS2 Paludicola 0.1545
HMGCS2 Unassigned CAG-508 0.1877
HMGCS2 Phascolarctobacterium 0.1697
HMGCS2 Collinsella 0.1953
HMGCS2 UBAG636 0.1647
ENSSSCG00000058639 | SFLAO1 0.1666
ENSSSCG00000061756 | SFLAO1 -0.1832
ENSSSCG00000043115 | SFLAO1 -0.1649
CYP7A1 SFLAO1 -0.1545
ENSSSCG00000053251 | SFLAO1 -0.1705
ABCD3 SFDBO1 0.1995
ABCD3 Fimousia 0.1504
ABCD3 SFLAO1 0.2851
ABCD3 Agathobaculum 0.1963
ABCD3 Unassigned CAG-508 0.1649
ABCD3 Copromorpha 0.1549
ASPN SFLAO1 0.1638
HBM SFDBO1 -0.1847
HBM Unassigned UBA932 -0.1548
HBM SFLAO1 -0.2564
HBM Agathobaculum -0.1886
HBM Copromorpha -0.1520
HBM CAG-349 0.1680
HBM Streptococcus 0.1537
ENSSSCG00000007978 | SFDBO1 -0.1809
ENSSSCG00000007978 | SFLAO1 -0.2563
ENSSSCG00000007978 | Agathobaculum -0.1799
CLDN15 SFDBO01 -0.1508
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Gene Genus Weight
CLDN15 SFLAO1 -0.2234
ENSSSCG00000061594 | SFLAO1 0.2099
ENSSSCG00000008555 | SFDBO1 0.1794
ENSSSCG00000008555 | Mediterraneibacter 0.1607
ENSSSCG00000008555 | SFLAO1 0.2688
ENSSSCG00000008555 | Eubacterium (Lachnospiraceae) 0.1825
ENSSSCG00000008555 | Agathobaculum 0.1654
ENSSSCG00000008555 | Unassigned CAG-508 0.1717
ENSSSCG00000008555 | Collinsella 0.1686
ENSSSCG00000036096 | SFLAO1 -0.1940
AHSP SFDBO1 -0.1902
AHSP SFLAO1 -0.2705
AHSP Agathobaculum -0.1883
AHSP Unassigned CAG-508 -0.1548
IL1R2 SFLAO1 -0.1551
ENSSSCG00000036224 | Mediterraneibacter 0.1590
ENSSSCG00000036224 | Eubacterium (Lachnospiraceae) 0.1630
ENSSSCG00000036224 | Floccifex 0.1699
ENSSSCG00000036224 | Caccousia 0.1623
ENSSSCG00000062489 | Floccifex 0.1579
ENSSSCG00000059927 | SFLAO1 -0.1531
SULT1B1 Mediterraneibacter 0.1575
SULT1B1 SFLAO1 0.2153
SULT1B1 Eubacterium (Lachnospiraceae) 0.1752
ENSSSCG00000061605 | SFLAO1 -0.2028
CXCL8 Floccifex 0.1566
ENSSSCG00000054701 | SFLAO1 -0.2076
RAB30 SFDBO01 0.1615
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Gene Genus Weight
RAB30 SFLAO1 0.2338
RAB30 Agathobaculum 0.1564
ENSSSCG00000052232 | SFLAO1 -0.1715
PTGS2 SFLAO1 0.1605
PTGS2 Eubacterium (Lachnospiraceae) 0.1612
APOA4 SFLAO1 0.1627
ENSSSCG00000038670 | SFDBO1 -0.1902
ENSSSCG00000038670 | SFLAO1 -0.2728
ENSSSCG00000038670 | Agathobaculum -0.1862
ENSSSCG00000038670 | Unassigned CAG-508 -0.1591
HBB SFDBO1 -0.1753
HBB SFLAO1 -0.2509
HBB Agathobaculum -0.1721
TSKU Mediterraneibacter -0.1574
TSKU SFLAO1 -0.1552
TSKU Eubacterium (Lachnospiraceae) -0.1704
ENSSSCG00000053725 | SFLAO1 -0.2113
TOR3A SFLAO1 0.1550
G0S2 SFLAO1 0.2178
AGXT Mediterraneibacter 0.1789
AGXT SFLAO1 0.1663
AGXT Eubacterium (Lachnospiraceae) 0.1928
KIF1A Eubacterium (Lachnospiraceae) 0.1524
ENSSSCG00000058050 | SFLAO1 -0.2193
NR4A2 Mediterraneibacter 0.1501
NR4A2 Eubacterium (Lachnospiraceae) 0.1601
ENSSSCG00000055100 | SFLAO1 -0.1802
ENSSSCG00000063146 | SFLAO1 -0.1609
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Gene Genus Weight
SCD UBA1259 -0.1613
SCD Hallerella -0.1510
SCD Caproiciproducens -0.1618
SCD Sutterella -0.1569
SCD Unassigned Gastranaerophilaceae 0.1578
SCD Unassigned Peptostreptococcaceae -0.1610
SCD Floccifex -0.1916
SCD Ornithospirochaeta -0.1624
SCD Caccousia -0.1688
SCD Streptococcus -0.1657
ENSSSCG00000038719 | Unassigned Gastranaerophilaceae -0.1518
ENSSSCG00000038719 | CAG-533 0.1504
ENSSSCG00000038719 | Floccifex 0.1726
ENSSSCG00000038719 | Streptococcus 0.1665
ENSSSCG00000031037 | Floccifex 0.1544
ENSSSCG00000061845 | SFDBO1 0.1736
ENSSSCG00000061845 | SFLAO1 0.2428
ENSSSCG00000061845 | Agathobaculum 0.1756
ENSSSCG00000061845 | CAG-349 -0.1511
LIF SFLAO1 0.1725
ENSSSCG00000041880 | Floccifex 0.1587
ENSSSCG00000044931 | Floccifex -0.1529
RTN4R SFDBO1 -0.1526
RTN4R SFLAO1 -0.2164
RTN4R Agathobaculum -0.1516
SDS UBA1259 0.1530
SDS CAG-302 0.1549
SDS Onthomonas 0.1598
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Gene Genus Weight
SDS Unassigned UBA932 -0.1559
SDS Unassigned Bacteroidaceae 0.1511
SDS Unassigned Gastranaerophilaceae -0.1644
SDS CAG-533 0.1731
SDS SFLAO1 -0.1704
SDS Faecalibacterium 0.1535
SDS Floccifex 0.1725
SDS CAG-349 0.1766
SDS Streptococcus 0.1889
ENSSSCG00000009667 | UBA1259 -0.1572
ENSSSCG00000009667 | Caproiciproducens -0.1560
ENSSSCG00000009667 | Unassigned Gastranaerophilaceae 0.1570
ENSSSCG00000009667 | CAG-533 -0.1513
ENSSSCG00000009667 | Unassigned Peptostreptococcaceae -0.1524
ENSSSCG00000009667 | Floccifex -0.1846
ENSSSCG00000009667 | Ornithospirochaeta -0.1561
ENSSSCG00000009667 | Caccousia -0.1546
ENSSSCG00000009667 | Streptococcus -0.1685
BATF2 SFLAO1 -0.1518
SLC25A45 SFLAO1 0.1788
FADS2 UBA1259 -0.1509
FADS2 Onthomonas -0.1524
FADS2 Unassigned Gastranaerophilaceae 0.1582
FADS2 CAG-533 -0.1619
FADS2 Floccifex -0.1725
FADS2 CAG-349 -0.1592
FADS2 Streptococcus -0.1778
CEND1 UBA1259 0.1581
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Gene Genus Weight
CEND1 Caproiciproducens 0.1568
CEND1 Unassigned Gastranaerophilaceae -0.1583
CEND1 CAG-533 0.1529
CEND1 Unassigned Peptostreptococcaceae 0.1529
CEND1 Floccifex 0.1855
CEND1 Ornithospirochaeta 0.1568
CEND1 Caccousia 0.1546
CEND1 Streptococcus 0.1702
DUSP8 SFLAO1 0.1568
ANGPTLS Mediterraneibacter -0.1511
ANGPTLS8 SFLAO1 -0.2016
ANGPTLS Eubacterium (Lachnospiraceae) -0.1677
ENSSSCG00000045040 | SFLAO1 -0.1920
CCDC194 CAG-533 -0.1530
CCDC194 SFLAO1 0.1583
CCDC194 CAG-349 -0.1574
CCDC194 Streptococcus -0.1667
SPINKS SFLAO1 -0.1890
ENSSSCG00000056267 | SFLAO1 -0.1730
ENSSSCG00000056267 | Eubacterium (Lachnospiraceae) -0.1521
MzB1 UBA1259 0.1547
MzB1 Caproiciproducens 0.1539
MzB1 Unassigned Gastranaerophilaceae -0.1538
MZzZB1 Unassigned Peptostreptococcaceae 0.1510
MzB1 Floccifex 0.1821
MZzB1 Ornithospirochaeta 0.1541
MZB1 Caccousia 0.1544
MzB1 Streptococcus 0.1643
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Gene Genus Weight
ENSSSCG00000052907 | SFLAO1 -0.1783
ENSSSCG00000052907 | Streptococcus 0.1509
ENSSSCG00000013369 | SFLAO1 -0.1905
LOX SFLAO1 0.1579
ENSSSCG00000052290 | SFLAO1 -0.1575
FGF21 SFDBO1 0.1882
FGF21 Unassigned UBA932 0.1528
FGF21 SFLAO1 0.2629
FGF21 Agathobaculum 0.1907
FGF21 Copromorpha 0.1530
FGF21 CAG-349 -0.1650
ENSSSCG00000055509 | SFLAO1 -0.1792
ENSSSCG00000050714 | SFLAO1 -0.1677
DISP3 SFLAO1 -0.1806
ENSSSCG00000056084 | SFLAO1 -0.1838
PAQR7 SFLAO1 0.1521
FOSB Mediterraneibacter 0.1585
FOSB Eubacterium (Lachnospiraceae) 0.1680
ADCYAP1 SFLAO1 0.1699
ZBTB32 SFLAO1 -0.1525
ADGRG3 SFDBO01 -0.1542
ADGRG3 SFLAO1 -0.2140
ADGRG3 Agathobaculum -0.1575
ENSSSCG00000040337 | Mediterraneibacter -0.1656
ENSSSCG00000040337 | Eubacterium (Lachnospiraceae) -0.1714
ENSSSCG00000040337 | Floccifex -0.1642
ENSSSCG00000040337 | Caccousia -0.1624
LEPR SFLAO1 0.1592
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Gene Genus Weight
ENSSSCG00000059695 | SFLAO1 -0.1528
ENSSSCG00000033735 | SFLAO1 -0.1784
ENSSSCG00000033735 | Eubacterium (Lachnospiraceae) -0.1605
SLC25A33 SFLAO1 0.1553
MFSD2A SFLAO1 0.1622
ENSSSCG00000032082 | SFLAO1 0.1531
ENSSSCG00000037514 | Mediterraneibacter 0.1664
ENSSSCG00000037514 | SFLAO1 0.2209
ENSSSCG00000037514 | Eubacterium (Lachnospiraceae) 0.1845
ENSSSCG00000037514 | Collinsella 0.1563
ENSSSCG00000045832 | Sutterella -0.1511
ENSSSCG00000045832 | Mediterraneibacter -0.1708
ENSSSCG00000045832 | Eubacterium (Lachnospiraceae) -0.1774
ENSSSCG00000045832 | Floccifex -0.1642
ENSSSCG00000045832 | Caccousia -0.1648
ENSSSCG00000059294 | SFLAO1 -0.2047
ENSSSCG00000041313 | SFLAO1 -0.1684
CYP8B1 SFDBO1 0.1557
CYP8B1 Mediterraneibacter 0.1545
CYP8B1 SFLAO1 0.2359
CYP8B1 Eubacterium (Lachnospiraceae) 0.1737
CYP8B1 Unassigned CAG-508 0.1538
CYP8B1 Collinsella 0.1549
ARF4 SFDBO1 0.2085
ARF4 Helicobacter 0.1522
ARF4 Fimousia 0.1534
ARF4 SFLAO1 0.3054
ARF4 Eubacterium (Lachnospiraceae) 0.1689
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Gene Genus Weight
ARF4 Agathobaculum 0.1986
ARF4 Unassigned CAG-508 0.1862
ARF4 Collinsella 0.1717
ARF4 Catenibacterium 0.1541
ARF4 UBA636 0.1520
ARF4 Copromorpha 0.1537
ENSSSCG00000051985 | Mediterraneibacter -0.1616
ENSSSCG00000051985 | Eubacterium (Lachnospiraceae) -0.1704
DNAH12 SFLAO1 0.1626
ENSSSCG00000042940 | SFLAO1 -0.1830
MUC13 SFLAO1 0.1623
ENSSSCG00000059810 | SFLAO1 -0.1574
IGSF10 SFLAO1 0.1734
SLCO2A1 SFDBO1 0.1689
SLCO2A1 Mediterraneibacter 0.1617
SLCO2A1 SFLAO1 0.2549
SLCO2A1 Eubacterium (Lachnospiraceae) 0.1825
SLCO2A1 Agathobaculum 0.1542
SLCO2A1 Unassigned CAG-508 0.1645
SLCO2A1 Collinsella 0.1647
VGLL3 SFLAO1 0.1685
DUOXA2 SFLAO1 0.1524
ANGPTL2 SFLAO1 0.1576
THBS1 SFLAO1 0.1635
THBS1 Eubacterium (Lachnospiraceae) 0.1515
ENSSSCG00000061365 | SFLAO1 -0.1653
ENSSSCG00000052966 | SFLAO1 -0.1899
MAMDC?2 SFLAO1 0.1514
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Gene
ENSSSCG00000053150
ENSSSCG00000053150
ENSSSCG00000053150
ENSSSCG00000053150
ENSSSCG00000053150
ENSSSCG00000053150
ENSSSCG00000053150
SVEP1
ENSSSCG00000059343
ENSSSCG00000059343
ENSSSCG00000059343
ENSSSCG00000059343
ENSSSCG00000048233
ENSSSCG00000048233
ENSSSCG00000048233
ENSSSCG00000048233
ENSSSCG00000048233
ENSSSCG00000048233
ENSSSCG00000048233
ENSSSCG00000048233
ENSSSCG00000048233
ENSSSCG00000048233
ENSSSCG00000053347
ENSSSCG00000053347
ENSSSCG00000053347
ENSSSCG00000053347
ENSSSCG00000058177

ENSSSCG00000058177
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Genus

SFDBO1

SFLAO1

Eubacterium (Lachnospiraceae)
Agathobaculum

Unassigned CAG-508
Collinsella

Catenibacterium

SFLAO1

Mediterraneibacter

SFLAO1

Eubacterium (Lachnospiraceae)
Collinsella

SFDBO01

Helicobacter

Unassigned Erysipelotrichaceae
Mediterraneibacter

SFLAO1

Eubacterium (Lachnospiraceae)
Agathobaculum

Unassigned CAG-508
Collinsella

UBA636

Mediterraneibacter

SFLAO1

Eubacterium (Lachnospiraceae)
Collinsella

SFDBO1

Mediterraneibacter

Weight
0.2034
0.2980
0.1653
0.1936
0.1818
0.1678
0.1503
0.1722
-0.1584
-0.2198
-0.1764
-0.1518
-0.2025
-0.1531
0.1533
-0.1621
-0.3003
-0.1864
-0.1896
-0.1878
-0.1793
-0.1565
-0.1594
-0.2167
-0.1772
-0.1513
-0.1698

-0.1671
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Gene Genus Weight
ENSSSCG00000058177 | SFLAO1 -0.2570
ENSSSCG00000058177 | Eubacterium (Lachnospiraceae) -0.1881
ENSSSCG00000058177 | Agathobaculum -0.1543
ENSSSCG00000058177 | Unassigned CAG-508 -0.1673
ENSSSCG00000058177 | Collinsella -0.1681
ENSSSCG00000042224 | Mediterraneibacter -0.1662
ENSSSCG00000042224 | SFLAO1 -0.2038
ENSSSCG00000042224 | Eubacterium (Lachnospiraceae) -0.1830
ENSSSCG00000042224 | Collinsella -0.1507
ME1 Floccifex -0.1662
ME1 Streptococcus -0.1607
COL12A1 SFLAO1 0.1672
NR4A3 Mediterraneibacter 0.1747
NR4A3 Eubacterium (Lachnospiraceae) 0.1841
NR4A3 Caccousia 0.1577
PLIN2 SFLAO1 0.1993
ENSSSCG00000052903 | SFLAO1 -0.1572

283






Acknowledgements






Acknowledgements

Now, if I may, | will switch to Spanish, as it is my mother tongue and how my heart speaks.

But you have the English translation below.

Me gustaria empezar los agradecimientos por mis maestros jedi, los doctores JM y Dani,
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CRAG no se queda lejos. Mando un gran abrazo a 000 - Tot el CRAG, pero aqui también
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