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Resumen

El descubrimiento de comunidades microbianas asociadas simbi6ticamente a organismos eucariotas
ha llevado a un cambio de paradigma en la definicion de individuo bioldgico, que ahora se ve como
una combinacién codependiente del hospedador y su microbioma, u holobionte. Por tanto, el estudio
de los microbiomas se ha convertido en algo fundamental para comprender la biologia de los
organismos vivos complejos. De hecho, se ha observado que las comunidades microbianas poseen un
papel crucial en la salud, supervivencia, desarrollo y metabolismo del hospedador. Los recientes
avances en secuenciacion genética han supuesto un importante impulso para la investigacion en
microbiologia, al permitir la obtencion de bases de datos de secuenciacion masiva que abarcan una
gran parte de la diversidad presente dentro de los microbiomas. La era del next-generation sequencing
ha aportado nuevos conocimientos sobre el efecto de las comunidades microbianas sobre el fenotipo
del hospedador, con especial relevancia del microbioma intestinal. Para la industria ganadera este
hecho ha dado lugar a importantes avances en la comprension de los mecanismos bioldgicos que
influyen en productividad, sostenibilidad y bienestar animal, lo que podria ser til para afrontar los

desafios existentes en este sector.

La ganaderia espafiola estd mayoritariamente representada por dos especies de gran importancia
economica, el cerdo doméstico, en especial la raza ibérica, y el vacuno. El cerdo ibérico es una raza
rustica autéctona de la Peninsula Ibérica con una alta tendencia a la acumulacion de grasa y criada
tradicionalmente en un sistema semiextensivo denominado montanera, lo que confiere unas
propiedades organolépticas especiales a sus productos carnicos, muy demandados por su calidad. Sin
embargo, su baja prolificidad y productividad han favorecido la intensificacion y la préactica del
cruzamiento con Duroc, lo que ha supuesto una pérdida de calidad y un efecto negativo en la
composicién de sus productos. En cuanto al vacuno, es la especie ganadera mas importante a nivel
mundial, siendo Gtil para la obtencion tanto de carne como de leche. Sin embargo, su proceso digestivo
genera una cantidad importante de metano, lo que contribuye de forma relevante al calentamiento

global.

En esta tesis se han abordado los retos mas importantes de estos sistemas de produccion ganadera
desde la perspectiva del microbioma. Conocer el papel de la microbiota intestinal en el metabolismo
del cerdo iberico es fundamental para determinar el verdadero alcance de las consecuencias del
cruzamiento con Duroc y la intensificacion sobre el metabolismo y la calidad de los productos carnicos.
Respecto al vacuno, si bien los programas de seleccion genética se erigen actualmente como la

estrategia mas eficiente para reducir las emisiones de metano, la microbiota ruminal juega un



importante papel en la producciéon de metano y, por lo tanto, la modulaciéon del microbioma podria
ayudar a mitigar su contribucion al calentamiento global. Para lograr estos objetivos, se ha estudiado
la composicion de la microbiota intestinal en ambas especies a través de diferentes metodologias de
secuenciacion y andlisis. Se ha utilizado secuenciacion de amplicones (16S rRNA) para explorar la
fraccion bacteriana de la microbiota fecal de cerdos ibéricos y Duroc, mientras que la composicion de
la microbiota ruminal se ha explorado mediante secuenciacién de metagenoma completo. En ambos

casos se ha realizado un analisis composicional de los datos.

La tesis se compone de tres experimentos. En el primero se evaluaron las diferencias de rendimiento
de dos herramientas de procesamiento de secuencias e identificacion de OTUs, Mothur y QIIME, y
dos bases de datos de referencia de rRNA diferentes, GreenGenes y SILVA, con el fin de determinar
el protocolo méas fiable para agrupar y clasificar datos de secuenciacion de amplicones. Para este
andlisis se utilizaron secuencias de 16S (region VV4) procedentes del rumen, de una cohorte de 18 vacas
lecheras. Los resultados obtenidos indican que es preferible el uso de SILVA sobre GreenGenes como
base de datos de referencia para la clasificacion de OTUs, mientras que las diferencias entre las dos
herramientas bioinformaticas probadas se limitan a OTUs de baja abundancia, acentuandose mas con
el uso de GreenGenes como base de datos. En el segundo experimento se caracteriz la microbiota
fecal de cerdos con diferente genotipo (Duroc e Ibérico) y alimentados con dietas con diferente fuente
de energia (carbohidratos versus acido oleico) con el fin de explorar los efectos, tanto del fondo
genético como de la suplementacion con oleico, en la composicion de la microbiota intestinal. Se
secuenciaron las regiones hipervariables VV3-V4 del gen rRNA 16S, utilizando el protocolo IHlumina
MiSeq paired-end, en 48 cerdos machos castrados de raza pura, 19 Duroc y 29 ibéricos, alimentados
durante la fase de crecimiento con una dieta control o con una dieta enriquecida con aceite de girasol.
Después de tener en cuenta los resultados del primer experimento, el procesamiento de las secuencias
se realizé usando la herramienta QIIME vy la base de datos de referencia SILVA. Los resultados han
revelado la existencia de diferencias en la composicion de la microbiota fecal entre razas y, en menor
medida, entre dietas. Se observa una menor riqueza de OTUs en los cerdos Duroc, que poseen mas
abundancia de Prevotella y Actinobacteria, mientras que los cerdos ibéricos poseen una microbiota
mas diversa, con menos presencia de taxa tipicos del periodo de lactancia, lo que indica una tasa de
transicion microbiana mas rapida. Por otro lado, los animales alimentados con una dieta alta en oleico
poseen una mayor abundancia de varios OTUs de Prevotella, debido al mayor contenido de fibra en
esta dieta. Se han encontrado interacciones significativas entre la raza y la dieta para la abundancia de
varios OTUs, principalmente de los géneros Bifidobacterium, Lactobacillus y Corynebacterium, lo
que podria indicar una respuesta diferencial a la dieta entre ambas razas. Este estudio ha aportado



pruebas de la influencia de la genética y la dieta en la composicion de la microbiota intestinal del
cerdo. Por ultimo, en el tercer experimento se ha caracterizado la microbiota ruminal del vacuno
lechero, tanto taxonémica como funcionalmente, con el fin de desentrafiar el papel de microbios y
genes microbianos concretos en la produccion de metano. Se dispuso de un total de 437 vacas lecheras
de 14 granjas comerciales del norte de Espafia para tomar medidas individuales de concentracion de
metano, durante las visitas de las vacas al sistema de ordefio automatico. Se realizd secuenciacion
completa del metagenoma del contenido ruminal utilizando el dispositivo MinlON de Oxford
Nanopore Technologies. Los resultados sugieren una asociacion entre la produccion de metano y la
composicién general de la microbiota del rumen, encontrandose 36 géneros microbianosy 279 KEGGs
diferencialmente abundantes entre animales con diferentes niveles de produccién de metano. Los
géneros asociados a altas emisiones de metano son eucariotas, en su mayoria ciliados y hongos,
mientras que los asociados a bajas emisiones son grupos bacterianos, principalmente fermentadores de
azucares solubles. Los genes que participan en la metanogénesis no han resultado mas abundantes en
los animales de altas emisiones, pero un analisis mas profundo ha revelado que genes implicados en
la respiracion anaerdbica basada en nitratos son mas abundantes en los animales de bajas emisiones.
Este estudio ofrece una descripcion integral de las poblaciones microbianas del rumen utilizando
secuenciacion de lectura larga y una gran cohorte de animales, destacando el papel de los eucariotas
en la produccion de metano a través de arqueas metanogénicas endosimbiontes, asi como la
contribucion de microbios capaces de utilizar nitrato para reducir la metanogénesis a través de
inhibicion competitiva.

La investigacion realizada en esta tesis evidencia la relaciéon entre el microbioma intestinal y las
caracteristicas del hospedador, en el contexto de la produccién animal, mediante el uso de diferentes
protocolos de secuenciacion y clasificacion. Los resultados obtenidos ponen de manifiesto la alta
complejidad de los microbiomas, enfatizando asi la necesidad de contabilizar la mayor cantidad de
biodiversidad posible al realizar estudios de microbiomas, y arrojan luz sobre la relacién entre grupos
especificos de microorganismos intestinales y rasgos fenotipicos del hospedador de alta importancia

economica, abriendo una nueva puerta para afrontar los retos actuales en la industria ganadera.






Abstract

The discovery of microbial communities symbiotically associated with eukaryotic organisms has led
to a paradigm shift in the definition of the biological individual, which is now seen as a co-dependent
combination of the host and its microbiome, or holobiont. Thus, the study of microbiomes has become
essential to understand the biology of complex living organisms. Indeed, current research points to a
crucial role of microbial communities in host health, survivability, development and metabolism.
Recent advances in DNA sequencing have entailed a significant boost to microbial research, allowing
the generation of massive sequencing databases encompassing a large proportion of the diversity inside
microbiomes. The era of next-generation sequencing has brought new knowledge about the role of
microbial communities, with special significance for gut microbiomes, in host phenotype. For
livestock industry, this has led to important advances in the understanding of biological mechanisms
influencing animal welfare, productivity and sustainability, which could be useful to face existing

challenges in animal production.

Spanish livestock is majorly represented by two species of great economic importance, the domestic
pig, especially the Iberian breed, and taurine cattle. Iberian pig is a rustic breed native to the Iberian
Peninsula with a high trend to fat accumulation and traditionally reared in a semi-extensive system
called montanera, which confers special organoleptic properties to its products, highly demanded for
their quality. However, its low prolificacy and productivity have encouraged both intensification and
the practice of crossbreeding with Duroc, thereby involving a loss in quality and a negative effect on
the composition of their products. As for cattle, it is the most important livestock species worldwide,
being useful for obtaining both beef and milk. However, their digestive process comes with an
important amount of greenhouse gas emissions in the form of methane, thus relevantly contributing to

global warming.

In this thesis, the most important challenges in these livestock production systems have been addressed
from a microbiome perspective. Knowing the role of gut microbiota in Iberian pig metabolism is
essential to determine the true extent of the consequences of crossbreeding and intensification on
metabolism and final products’ quality. In regard to cattle, while genetic selection programmes
currently stand as the most efficient strategy for reducing methane emissions, rumen microbiota plays
a significant role in methane production, and thereby microbiome modulation could help to mitigate
its contribution to global warming. In order to achieve these goals, gut microbiota composition has
been studied in both species, through different sequencing and analysis methodologies. An amplicon

sequencing approach (16S rRNA) has been used for exploring the bacterial fraction of the faecal

11



microbiota of Iberian and Duroc pigs, while rumen microbiota composition has been explored through
a whole metagenome sequencing approach. In both cases, compositional analysis of microbial data

has been performed.

Three experiments have been carried out. In the first one, differences in classification performance
were evaluated for two different OTU-like post-processing pipelines used for amplicon sequencing
data, Mothur and QIIME, and two different rRNA reference databases, GreenGenes and SILVA, in
order to determine the most reliable protocol to cluster and classify amplicon sequencing data. Ruminal
16S-V4 sequences from a cohort of 18 dairy cows was used for this analysis. The results state that
SILVA reference database is preferred over GreenGenes for classifying OTUs, while differences
between pipelines were restricted to low-abundance OTUs, and were more accentuated when
GreenGenes database was used. In the second experiment, faecal microbiota of pigs with different
genotype (Duroc and Iberian) and fed diets with different energy source (carbohydrates versus oleic
acid) was characterized in order to explore the effects of both genetic background and oleic
supplementation on gut microbiota composition. VV3-V4 hypervariable regions of 16S rRNA gene were
sequenced, using lllumina MiSeq paired-end protocol, in 48 castrated male purebred pigs, 19 Duroc
and 29 Iberian, fed either a control diet or a sunflower oil-enriched diet during growth stage. After
taking into account the results from the first experiment, QIIME pipeline and SILVA reference
database were used for sequence post-processing. Results exposed the existence of differences in
faecal microbiota composition between breeds and, to a lesser extent, between diets. A lower OTU
richness was observed in Duroc pigs, which possessed more abundance of Prevotella OTUs and
Actinobacteria, while Iberian pigs possessed a more diverse microbiota with less presence of pre-
weaning typical taxa, indicating a faster microbial transition rate. On the other hand, animals fed high-
oleic diet possessed more abundance of several Prevotella OTUs, due to the higher content of fibre in
this diet. Significant interactions between breed and diet were found for the abundance of several
OTUs, mostly from Bifidobacterium, Lactobacillus and Corynebacterium genera, which might
indicate a differential response to diet in both breeds. This study has brought some evidence to the
influence of pig genetics and diet supply on gut microbiota composition. Lastly, in the third
experiment, rumen microbiota of dairy cattle has been characterized, both taxonomically and
functionally, in order to disentangle the role of specific microbes and genes in methane production. A
total of 437 dairy cows from 14 commercial farms at northern Spain were used to take individual
methane concentration measures during the cow’s visits to the automatic milking system. Whole
metagenome sequencing of ruminal content was performed using the MinlON device from Oxford

Nanopore Technologies. Results suggested an association between methane production and rumen

12



overall microbiota composition, and 36 microbial genera and 279 KEGGs were found as differentially
abundant between animals with different methane production levels. Genera associated with high
methane emissions were eukaryotes, mostly ciliates and fungi, while those associated with low
emissions were bacterial clades, majorly with a role in soluble sugar fermentation. Genes participating
in methanogenesis were not over-abundant in high methane emitters, but a deeper analysis revealed
that genes related to nitrate-based anaerobic respiration pathways were more abundant in low methane
emitters. This study offers a comprehensive overview of rumen microbial populations using long reads
and a large cattle cohort, highlighting the role of eukaryotes in methane production through the
presence of endosymbiotic methanogenic Archaea, as well as the contribution of microbes capable of

utilize nitrate in reducing methanogenesis through competitive inhibition.

The research done in this thesis evinces the relationship between gut microbiome and host
characteristics, in the context of animal production, using different sequencing and classification
approaches. The obtained results provide evidence of the high complexity of microbiomes, thus
emphasizing the necessity of accounting as much biodiversity as possible when performing
microbiome studies, and shed light on the relationship between specific groups of gut microorganisms
and host phenotypic traits of high economic importance, opening a new door to face current challenges

in livestock industry.
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1.1. First landmarks in microbial research

Microbiota and microbiome terms are usually employed indistinctly, although they were originally
used for different purposes. Current predominant definition of microbiome was stated by Whipps et
al. (1988) as “the characteristic microbial community occupying a reasonably well-defined habitat
which has distinct physio-chemical properties”, referring not only to the microorganisms, but also to
their interactions and functions inside the ecosystem. As for the term microbiota, it refers to the set of
microorganisms themselves, and it is an older concept which has been used at least since the 1960s,
when germ-free animal models started to be incorporated in laboratory experiments (Lane-Petter,
1962).

The first studies of microbiota date from the seventeenth century, when Robert Hooke and Antonie
van Leeuwenhoek observed the first microorganisms (Gest, 2004). Indeed, van Leeuwenhoek

observations of animalcules living in his own

4
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teeth led to the first description of human

microbiome. But it wasn’t until the late 1800s
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that the concept of microbiota started to flourish. ol 2t

0

The manuscript A Flora and Fauna within Living
Animals, published by the palaeontologist and
parasitologist Joseph Leidy in 1853 on the gut
parasites, is considered as the first scientific
research in microbiota. Later, a series of
experiments stated that microorganisms interact
between them and with their host (Pariente,
2019). The discoveries made can be accounted in

three main research fields: (1) the involvement of

microorganisms in chemical processes; (2) the

relationship between pathogens and illness; and - Sntmalli
(3) the existence of microbes linked to healthy  Figure 1: Animalcules of Antonie van Leeuwenhoek

unknown artist
humanes. ( )

The participation of microbes in chemical processes was firstly stated by Charles Cagniard-Latour,
Friedrich T. Kutzing and Theodor Schwann, who identified yeasts as living organisms and suggested
their role in alcoholic fermentation through conversion of sugar in alcohol and carbon dioxide, in the

absence of oxygen (Barnett, 1998). But it was in 1860 when two parallel publications from J. H. van
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den Broek and Louis Pasteur associated alcoholic fermentation with yeast growth, also stating that the
conversion process involves an intake of matter and thereby considering alcoholic fermentation as a
physiological process. Pasteur was also the coiner of the terms aerobic and anaerobic, after describing
the differences in fermentation under conditions of oxygen presence and absence (Barnett, 2000).
Other two important findings were made in the microbial ecology field by Sergei Winogradsky and
Lorenz Hiltner. Winogradsky uncovered the interactions between aerobic and anaerobic
microorganisms in the nitrogen fixation process, revealing the existence of ecological communities
with different niches occupied by different species (Winogradsky, 1890). Besides, Hiltner referred to
Winogradsky’s research to coin the term “rhizosphere” in 1904, arguing that plant root environment
favours the development of bacterial communities which in turn impact plant nutrition (Hartmann et
al., 2008).

Agostino Bassi was the first one to prove the link between a microorganism and a disease. In 1835, he
identified a vegetable parasite — currently known as the fungus Beauveria bassiana — as the cause of
the muscardine disease in silkworms (Porter, 1973). Some years later, the surgeon John Goodsir
discovered a gastrointestinal bacteria, Sarcina ventriculi, in one of his patients, and suggested the
association between the bacteria and the patient’s condition, providing one of the first descriptions of
gut microorganisms (Farré-Maduell & Casals-Pascual, 2019). But it was Louis Pasteur who
formally established the pathogen-disease relationship with his research on pébrine and flacherie
silkworm diseases (Pasteur, 1870), that led to the consolidation of the Germ Theory of Disease, the
first great contribution to understand the host-microbe interactions and the currently accepted scientific
theory for infectious disease functioning (Pariente, 2019). Pasteur also established that microbes are
responsible of the putrefaction, which, joined to his experiments on product spoilage in silk and
beverage industries, led him to introduce and patent the heating-sterilization process known as
pasteurization. These advances, together with the isolation of the bacteria responsible for cholera by
Pasteur and for anthrax and tuberculosis by Robert Koch, culminated in the publication of the Koch’s
postulates in 1890, that were key to establish a causative relationship between the presence of a

microbe and a disease (Cohen, 2017).

Lastly, a series of events evidenced the presence of bacteria in healthy humans’ gut and faeces, as well
as their link to health. The most important contributors in this scientific research field were Theodor
Escherich and Henry Tissier. Escherich discovered in 1885 the so-called Bacterium coli commune
(later named as Escherichia coli) and its role in food digestion, and also presented a comprehensive
microbiological study of the faeces of children, which makes up one of the first characterizations of
gut microbiota transition with age. Likewise, Tissier applied the anaerobic culture technique to babies’
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stool, observing in 1899 the Bacillus bifidus communis (i.e., Bifidobacterium). Later research led
Tissier to conclude that some gut bacteria (Enterococcus, B. acidiparalactici and others) were
beneficial for babies affected by diarrhoea and he used them as the first probiotics, initially in babies
and later in adult patients (Farré-Maduell & Casals-Pascual, 2019).

Figure 2: From left to right: Sergei Winogradsky, Robert Koch, Louis Pasteur and Theodor Escherich.

Following these findings, pure culture experiments were carried out during the 20th century, which
led to important advances in the comprehension of microbiota. Hungate’s anaerobe culture tube
allowed the culture of Clostridium cellobioparum from bovine rumen in 1944. In subsequent years,
this method was enhanced and adapted for large-scale culturing or for methanogen isolation (Hungate
& Macy, 1973). On the other hand, the development of germ-free animals in 1960s (Lane-Petter,
1962) and the first faecal microbiota transplantations (FMT) (1958) allowed to conduct the first in vivo
experiments — although FMT is documented to be used in Chinese medicine from the 4" century to
treat poisoning and diarrhoea (Valiquette & Laupland, 2013). In fact, germ-free animals have been,
and still are, an essential instrument for studying new associations between microbiota and host

phenotype.

But the greatest boost to microbiota research has been the development of DNA sequencing
techniques, which led to the uncovering of the enormous biodiversity and complexity of microbial
ecosystems and to the popularization of the holobiont concept, referring to the integrated and co-
dependent organism composed by microorganisms and their eukaryotic host (Baedke et al., 2020).
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1.2. DNA sequencing landmarks

Sequencing technology has experienced a rapid evolution over the last 50 years, from the first-

generation methods developed at late 1970s to the long-read sequencing currently under development.

1.2.1. First-generation sequencing

With the first rudimentary sequencing techniques, Carl Woese and George Fox carried out multiple
phylogenetic studies using ribosomal RNA sequences (16S-18S). These experiments allowed them to
define the actual classification of the three domains of life, Bacteria, Archaea and Eukaryota, in 1977
(Woese & Fox, 1977; Fox et al., 1980). However, this classification faced a strong rejection by the

scientific community until some years later.

That same year, two new sequencing methods came to light. The Maxam-Gilbert method used a direct
approach of DNA radioactive marking and cleavage (Maxam & Gilbert, 1977), becoming rapidly
popular, as it did not require fragment cloning, but also rapidly abandoned with the emergence of new
technologies. The second technique was developed by Frederik Sanger (Figure 3) and consisted in a
primer-extension approach adding dideoxynucleotides (Sanger et al., 1977), which in fact involved

sequencing fragmented clones later assembled to recover the original sequence.

Primer ACGT

+ ACGTCAGATCCA T A G C

ACGTCAGATCCA ACGTCAGATC =
Template TGCAGTCTAGGT ACGTCAGAT
ACGTCAGA

ACGTCAGA

+ —
ACGTCA
ClragTe ACGTCA —_
Mix: T LA ACGT
dNTPs + ddNTPs G
c CuG T
A -

Figure 3: Sanger s sequencing technique by primer extension with dideoxynucleotides.

The Sanger method would become predominant over the next two decades, being gradually enhanced
as new techniques such as PCR or capillary electrophoresis were developed. Sanger sequencing
promoted the discovery of important applications like the perfectioning of 16S rRNA sequencing
technique (Lane et al., 1985), the detection of SNPs (single nucleotide polymorphisms) or the analysis

of SSCP (single-stranded conformational polymorphisms) and STR (short tandem repeats).
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1.2.2. Second-generation sequencing (NGS)

Parallel to the modernization and automation of Sanger sequencing, new methods were developed

during the 1990s-2000s. These new technologies, which are currently known as “Next Generation

Sequencing (NGS) Technologies” or “High Throughput Sequencing Technologies”, allowed the

massive parallel production of high-quality cost-efficient DNA sequences, resulting in a more

sensitive, more precise, faster and cheaper way to sequence genomes compared to first-generation

techniques. NGS technologies emerged alongside bioinformatic advances that facilitated the

processing and analysis of the increasing amount of data.

Two main technical advantages place NGS above classic Sanger sequencing: (1) massive parallel

sequencing and (2) in vitro creation of DNA libraries.

1)

2)

Massive parallel sequencing. All NGS techniques are based on fixation of DNA fragments to
a surface, fragment amplification through PCR and simultaneous sequencing and detection of
DNA. The main reason for NGS to be able to sequence large amounts of DNA in less time and
with higher resolution is the process following the amplification, which produces the sequencing
data. While Sanger method produces fragments that are then separated and individually size-
detected to produce the final sequence, NGS pass through a single process of nucleotide addition,
detection of incorporated nucleotides and washing to remove unwanted signals, this stepwise

process being simultaneously performed in a huge amount of spots (Mardis, 2013).

Creation of DNA libraries. Template preparation in first-generation Sanger sequencing was
usually made through in vivo clonal amplification by means of bacterial mechanisms. On the
contrary, NGS uses in vitro clonal amplification of fragments without employing bacterial
vectors, allowing to process larger genomes and metagenomes. This can be considered a minor
advantage of NGS, since modern Sanger also works with in vitro libraries, either with specific

or non-specific primers (targeted or untargeted, respectively).

Although all NGS methods rely on the same principles, multiple technologies emerged, differing

among them both in the preparation of the template libraries and in the amplification methodology
(Table 1).
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NGS Platform  Company Template preparation  Chemistry

MiSeq/HiSeq Illumina Bridge Amplification Reversible Dye Terminator
454 Roche emPCR Pyrosequencing

lon Torrent Life Technologies emPCR Proton detection

SOLID Life Technologies emPCR Oligo Chained Ligation
Revolocity Complete Genomics RCA Oligo Unchained Ligation

Table 1: A brief summary of the most important NGS platforms and the technologies they use. Data withdrawn
from Buermans & den Dunnen (2014).

Clonal amplification methods

As mentioned, NGS technologies use clonal amplification from single DNA molecules to prepare

templates. The most common methods are explained hereunder:

A.

22

Emulsion PCR (emPCR). This amplification method is based on embedding DNA templates in
water-in-oil emulsions containing silica beads and all the PCR reagents (Figure 4a). The beads
carry complementary adapter sequences, thus acting as a solid attach surface. Each emulsion
droplet, ideally enclosing a single bead attached to a unique template, acts as a PCR micro-
reactor, cloning each template and improving the signal detection (Nakano et al., 2003;
Kanagal-Shamanna, 2016).

Bridge amplification. In this method, the surface is heavily coated by adapters and their
complementaries. The single-stranded templates attach to the surface at one end and hybridise
their free end to complementary adapters in the surface, which act as primers for amplification
(Figure 4b). The double-stranded DNA bridges are then denatured and, after several cycles,
clusters of the same DNA fragment (polonies) are created (Ansorge, 2009). This amplification
method is only used by Illumina platforms.

Rolling circle amplification (RCA). This method emulates the natural circular DNA replication
process used by bacteria or viruses. A DNA fragment is circularized by enzymatic ligation and
a linear amplification from a single primer produces a long single-stranded DNA concatemer,
which will be visualized through fluorescent detection (Ali et al., 2014). RCA is commonly used
in immunoassays or for rapid detection of pathogens, but not in microbiota studies. It is also the
amplification method used by Complete Genomics’ whole genome sequencing systems, which
modify the RCA products to DNA Nanoballs (DNBs).
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Figure 4: Scheme of two NGS clonal amplification methods: emPCR (a) and bridge amplification (b). Figure
from Leong et al. (2014).

Sequencing chemistry methods

According to the sequencing and detection chemistry, two approaches are predominant: (1) sequence
by synthesis (SBS) and (2) sequence by ligation (SBL). The main difference between both is that SBS
adds one base at a time, using DNA polymerase to elongate the template’s complementary strand,
while SBL adds multiple bases through pre-designed probes and anneals them using a DNA ligase.

The methods used by the principal platforms are described hereafter:

A. Reversible dye termination. In this SBS method, nucleotides used by the DNA polymerase are
labelled with a fluorescent molecule and blocked in 3’, which prevents additional base
incorporation. Thus, each cycle includes four steps: (1) addition of one nucleotide per template,
(2) washing of unattached nucleotides, (3) imaging of fluorescence and (4) cleavage of
fluorescent group and deblocking of 3’ ends (Mardis, 2013). It is used in lllumina platforms.

B. Proton detection. This technology is used by the lon Torrent system, and it is an SBS method
based on the detection of pH changes occurring when a nucleotide is incorporated into the DNA.
After clonal amplification by emPCR, enriched beads carrying amplified templates are each
deposited into a well of an lon chip. The chip is then cyclically flooded with a solution with one
of the four nucleotides. Whenever a nucleotide is incorporated into the template, protons are
released, altering the pH of the solution in the well. The lon chip detects this change and reports

it as a voltage variation (Mardis, 2013).
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C. Pyrosequencing. An SBS approach used by Roche 454 systems whose process begins similarly

to lon Torrent sequencing, as enriched beads are deposited in a plate to separate the reactions.

However, it then uses chemoluminescent detection of released pyrophosphate during the

elongation of the fragment’s complementary strand, through a luciferase-mediated reaction

(Buermans & den Dunnen, 2014). This technology is currently obsolete, as other platforms are

more cost-efficient.

Oligonucleotide ligation. This method is based on SBL approach, using oligo probes in each

elongation cycle. Two variations of this method are used by different platforms.

a)

b)

Chained ligation. Used by SOLID sequencing. Probes are pre-designed octamers
consisting of — from 3’ to 5’— 2 probe-specific bases, 6 degenerated bases and a fluorescent
label. The pair of probe-specific bases is one of the 16 possible combinations of DNA
bases, and each combination is associated with one of four different fluorescent labels
(Figure 5A). The probe anneals to the former one (or the primer) if these two initial bases
are complementary to the template. After annealing through the ligase, fluorescence is
recorded and the three last degenerated bases are cleaved, leaving space for the next probe.
This extension product is denatured from the template and a new elongation cycle starts

with the primer n-1, to a total of 7 cycles (Voelkerding et al., 2009).

Unchained ligation. Complete Genomics’ cPAL chemistry (combinatorial Probe-Anchor
Ligation) uses an unchained ligation system in which a set of nonameric probes
degenerated in all but one position, and labelled with fluorescence according to the non-
degenerated base (Figure 5B), are ligated to an anchor complementary to the adaptors in
nanoballs. Each cycle ligates one random probe and washes away the anchor-probe

complex, so there is no chaining of probes (Blankenship, 2017).

In summary, NGS technologies have prevailed over the last thirty years, and some of these platforms

are still used for multiple applications. In microbiome research, lllumina platforms have become the

gold standard, as they are capable to generate up to 25 million high-quality reads from 25 to 300 base

pairs length with MiSeq system — or 1.5 billion from 35 to 100 bp with HiSeq system — at a relatively

low cost, with the possibility of multiplexing up to 96 samples.
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Figure 5: Probes used in SBL technologies. A: chained ligation probes (Life Technologies’ SOLiD platform);
B: unchained ligation probes (Complete Genomics’ cPAL approach,).
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1.2.3. Third-generation sequencing

Third-generation sequencing (TGS) or “Long-Read Sequencing” technologies are the current research
field seeking to improve output from NGS techniques. There is not a consensus about the exact time
at which NGS transitioned to TGS, as the early 2010s were a time of continuous technology
improvement. Some authors consider the development of lon Torrent technology as a turning point
between NGS and TGS, as it allowed to speed up the sequencing runs by getting rid of the imaging
processes to register the progress, although still possessing the characteristics of second-generation
platforms (Schadt et al., 2010). Another relevant change that opened the doors to third generation was
the introduction of technologies capable of working with single DNA templates, being the Helicos
sequencing platform the first one developed (Thompson & Steinmann, 2010).

Summarizing, TGS technologies have five advantages over NGS: (1) no need for PCR, as these
systems can work with single DNA molecules, avoiding the bias generated by template clonal
amplification; (2) generation of longer reads, which might facilitate assembly of genomes and reduce
problems with repeated regions; (3) sequencing speed boost, as no pre-processing is required and the
lesser DNA fragmentation allows real-time analysis; (4) higher precision, allowing rare variant

detection; and (5) low cost, a human genome can now be whole-sequenced for less than $1000.

There are three main platforms considered as TGS, i.e., functioning without template amplification by
PCR and outputting long reads (Table 2).

A. Helicos Single Molecule Sequencing (SMS). This technology was developed by the now
bankrupted Helicos Biosciences. As mentioned before, it is considered as the bridge between

NGS and TGS, as it was the first system working with single templates. It also uses SBS by
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26

reversible dye termination, with some differences with regard to Illumina platforms. While in
Illumina all four nucleotides are present in each extension cycle, as each nucleotide is labelled
with a different fluorescent group, Helicos system presents only one type of nucleotide each
cycle, and only template fragments having the complementary bases throw fluorescence
(Thompson & Steinmann, 2010). However, it is currently out-to-date due to its low speed, short

read length and high error rate due to noise, coupled with the overcoming of better technologies.

PacBio Single Molecule Real-Time (SMRT). This system uses a metallic film containing
thousands of nanostructures light-focusing zero-mode waveguides (ZMW), capable of detecting
fluorescence to the single-molecule level at the incorporation of each labelled nucleotide by the
DNA polymerase at the bottom of each ZMW. The templates, so-called SMRTbells, are circular
single-stranded DNA created by ligation of hairpin adapters to the ends of double-stranded DNA
molecules generated after the fragmentation of the original DNA (Ardui et al., 2018). This
technology produces reads 100 times longer than NGS platforms — average of 8-15 kb, but can

reach 70 kb — also being time-effective and highly resolutive.

ONT nanopore sequencing. In this sequencing method, long fragments of single-stranded DNA
directly pass through a protein nanopore attached to an electrically resistant polymer membrane.

lonic current changes occur
when a nucleotide passes
through the pore, and
sensors detect and register
these  voltage changes
(Kono & Arakawa, 2019).
This  method  presents
important advantages: (1)
high speed, thanks to both

real-time sequencing and

Figure 6: Oxford Nanopore sequencing system
parallelization, as each flow (https://nanoporetech.com/)

cell contains thousands of nanopores; (2) high device miniaturization, as no imaging equipment
is required (MinlON device); (3) sequencing of very long reads with no theoretical length limit
(reads of 882 kb length have been reported (Jain et al., 2018)), which, in turn, makes possible
library preparation without excessive fragmentation nor size selection (“whale watching”
protocol); and (4) sequencing is not limited to the four conventional nucleotides (A, T, G and
C), as it detects ion current changes and not fluorescence, making it ideal for detecting DNA



CHAPTER 1: BACKGROUND

modifications or for RNA sequencing. This successful technology marketed by Oxford
Nanopore Technologies (ONT) is broadly used for multiple applications, as the portability of its

platforms and the easiness of library preparation allows low-cost and high-speed in situ

sequencing.
TGS technology Company Chemistry
Helicos SMS Helicos Biosciences Reversible Dye Terminator
PacBio SMRT Pacific Biosciences ZMW Fluorescent Detection

ONT nanopore sequencing  Oxford Nanopore Technologies  Protein nanopores

Table 2: A brief summary of the most important TGS technologies.

TGS technologies have marked a new milestone in sequencing performance and resolution, opening
new ways to explore genetic information at multiple levels, such as whole genome sequencing,
transcriptomics, metagenomics or epigenomics. These technologies have driven the creation of huge
global consortiums trying to sequence all the metagenomes, such as the TerraGenome project (Vogel
et al., 2009) for sequencing soil metagenome, the Integrative Human Microbiome Project (iHMP)
(The Integrative HMP Research Network Consortium, 2014) for human metagenome, or the Earth

Microbiome Project (EMP) (Thompson et al., 2017) for characterizing all microbial life on Earth.

However, TGS still have an important drawback, as all SMS technologies possess an increased
sequencing error rate (Laehnemann et al., 2016). While sequencing error rates from Illumina
platforms go from 0.087% to 0.613% (Stoler & Nekrutenko, 2021), raw sequence error rate in SMRT
goes from 13 to 15%, although randomness of error and high-fold coverage due to repetitive
sequencing allow to find consensus sequences with an accuracy higher to 99% (Ardui et al., 2018).
On the other hand, Nanopore sequencing has a similar error rate (5-20%), also including indels, which
makes this technology less suitable for single variant detection, unless high coverage is achieved, or
for allele distinction (Jain et al., 2018; Ebler et al., 2019). Future research might solve this problem

by improving raw sequencing and/or consensus assembly.
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1.3. DNA sequencing in microbiota studies

Microbial research has benefitted a lot from sequencing advances. As stated, first-generation
sequencing opened the door for unveiling the basic composition of microbial environments, such as
the first microorganism classifications using 16S rRNA genes. But the real boost occurred in the NGS
era. During this period, microbial research experimented an impressive progress and a high number of
microbiota characterization studies were carried out (Figure 7), not only in host-associated

communities, but also in food and environmental samples.
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Figure 7: Number of published papers related to microbiota, from 1990 to 2020. Source: PubMed.gov
(https://pubmed.nchi.nlm.nih.gov/), accessed 2021-10-07.

First-generation sequencing limited the information from microbiomes, as only cultured microbes
could be quantified. But this new era allowed the exploration of new microbial diversity, as well as a
more precise classification of formerly known ones. NGS era established the gold standard protocols
for exploring and characterizing microbiota composition. Basically, two approaches have been

popularized: amplicon sequencing and whole metagenome sequencing.

1.3.1. Amplicon sequencing

Amplicon sequencing (AS) has been broadly used since the era of classical sequencing to study the
phylogenetic relationships between different species. This method requires the cloning/amplification

and sequencing of specific genes fulfilling a series of conditions: (1) being highly conserved in a huge
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group of organisms, to allow the construction of universal primers; (2) possessing highly variable

regions between individual species to make identification possible; and (3) being in a large number of

copies, for an easier isolation.

The first gene used for this purpose was the 16S rRNA, which is highly conserved in both Bacteria

and Archaea domains. This gene encodes the 16S ribosomal RNA, a component of the small subunit

of the prokaryotic ribosome (30S subunit), which has nine hypervariable regions (V1 to V9) separated

between them by highly conserved regions (Figure 8), making it ideal for studying prokaryotic
phylogenetics (Woese & Fox, 1977; Fox et al., 1980; Neefs et al., 1993). Later, its utilization in

microbiota studies became popular as a response to the economic and time expensiveness of massive

sequencing of complete genomes during the early-NGS era, as amplifying and sequencing only one

broadly-represented and highly-variable gene was cheaper and faster, both for sequencing and

computational processing, outputting sufficiently accurate results.

However, AS has some
disadvantages. First of all, 16S
rRNA does not cover all the
microbiota biodiversity, as
eukaryotic organisms do not
possess this gene and, although it is
present in bacteria and archaea,
universal  primers  completely
encompassing both domains do not
exist. For this reason, Archaea and
Bacteria domains must  be
characterized  using  different
primers, while protozoan or fungi
communities must be studied using
alternative genes, such as 18S
rRNA in protozoa or ITS regions in
fungi. The need for multiple
amplifications to account the total
microbial variability involves an
additional bias due to PCR (Bonk et
al., 2018) and hampers the joint
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Figure 8: Secondary structure of 16S rRNA of Escherichia coli.
Hypervariable regions are marked in grey. Adapted from

http://rna.ucsc.edu/rnacenter.
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analysis of all domains. On the other hand, amplicon analysis can reveal microorganism abundance,

but not gene functionality, as only one gene is being considered.

Other genes used for amplicon sequencing

As mentioned above, the exploration of eukaryotic biodiversity requires the amplification of other

highly-conserved genes different to 16S.

A. 18S rRNA is the homologue version of 16S in eukaryotes, encoding the RNA component of the
eukaryotic ribosome small subunit (40S). Its structure is similar to the 16S rRNA gene,
containing eight hypervariable regions (V1-V5 and V7-V9), as the region corresponding to V6
is more conserved among eukaryotes (Neefs et al., 1993). This gene is used for characterization
of protozoan communities in microbiota studies, being the regions V2, V4 and V9 the ones with

the highest taxonomic resolution (Hadziavdic et al., 2014).

B. Although hypervariable regions of SSU (small sub-unit) rRNA genes are suitable to identify
organisms for all the domains, fungal organisms possess less hypervariable regions in the 18S
gene, so internal transcribed spacers (ITS) were proposed as an alternative. These are spacer
DNA sequences located between SSU and LSU (large sub-unit) rRNA genes, ITS1 between 18S
and 5.8S genes and ITS2 between 5.8S and 28S genes. These regions have been proposed as
DNA barcodes for fungi due to its higher potential for species discrimination and their better

yield in PCR amplification compared to 18S hypervariable regions (Schoch et al., 2012).

An overview of the amplicon sequencing post-processing pipelines

AS data have the advantage of being relatively easy to process. Quality-curated reads can be directly
mapped against a reference database, as no assembly is required, and mapping results only need to be
quantified to obtain relative abundance values. Still, a surprising amount of different software have
been developed in order to optimize each processing step (i.e., data curation, alignment/clustering, and

taxonomic classification):

Data curation. Quality control is a key step in every data analysis procedure. In AS context, it consists
of an initial standard trimming step, in which adapters, primers and other unwanted artifacts are

removed from sequences, and a denoising step, at which sequencing and PCR errors are dealt with.

1) Trimming. Adapters and low-quality fragments are chopped from the sequences using
specialized tools such as Cutadapt (Martin, 2011), Trimmommatic (Bolger et al., 2014) or
PRINSEQ (Schmieder & Edwards, 2011).
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2) Denoising. Sequencing errors are present in every platform, although different technologies
differ in their accuracy (Laehnemann et al., 2016). Getting rid of ambiguous sequences is
crucial, as mistakes in clustering and/or taxonomy assignment may lead to incorrect estimates of
microbial composition. Multiple sequencing error correction tools have been developed —
compendium available at Laehnemann et al. (2016) — and some pipelines implement their own
correction strategy. PCR errors are common as well, and usually lead to the formation of artifact
sequences known as chimeras. This occurs by an incorrect joining of two or more sequences,
due to either incompletely extended primers acting as original primers in the last PCR cycles, or
polymerase template-switching (Kanagawa, 2003). It is important to locate and filter these
contaminant sequences, as they might be incorrectly interpreted as new species and contribute
to overestimate microbial diversity. The first programs performed multiple alignment against a
reference database for detecting chimeras, but recent methods are reference-free and use error

modelling to infer taxonomically-accurate putative sequences (Table 3).

Software Approach Reference
Bellerophon Reference-based Huber et al. (2004)
ChimeraChecker Reference-based Nilsson et al. (2010)
ChimeraSlayer Reference-based Haas et al. (2011)
Perseus Reference-based Quince et al. (2011)
UCHIME Reference-based Edgar et al. (2011)
MED Sequence inference  Eren et al. (2015)
Deblur Sequence inference  Amir et al. (2017)
DADA2 Sequence inference  Callahan et al. (2016)
UNOISE2 Sequence inference  Edgar (2016)

Table 3: Summary of the most used chimera-detection tools.

Sequence alignment and clustering. This process performs automatic classification of sequences
according to their similarity, either among them or with a reference database. Clustering methods can

be classified according to two criteria: (1) the clustering unit; and (2) the picking strategy.

1) Clustering units. Traditionally, sequence clustering is done into operational taxonomic units
(OTUs), which are groups of similar sequences above a pre-defined threshold (usually, 97%
similarity). A broad variety of clustering algorithms have been developed for OTU clustering,
either using greedy heuristics or hierarchical clustering, or even model-based methods. A list of
the most used ones is presented in Table 4. But the recent development of new and powerful

algorithms has redefined the clustering paradigm, tending to create less arbitrary groups called
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2)
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amplicon sequence variants (ASVs), which can differ in only one base pair (Callahan et al.,
2017). Although ASVs provide more taxonomic resolution, they are more sensitive to data
quality. Thus, the utilization of OTUs is still a valid approach for studies not targeting high-level
resolution.

Picking strategy. According to the dependence on an external database, different clustering
methods can be distinguished: (1) de novo approach matches sequences within the dataset itself;
(2) closed-reference approach uses an external reference database to cluster the reads, ignoring
those without a hit in the database; and (3) open-reference approach combines the other, by first
matching known sequences to a database and then performing de novo clustering within the set
of remaining reads (Bhat et al., 2019). Generally speaking, database-based approaches are
considered less optimal, as sequence similarity is calculated as read-vs-database but not read-vs-
read, so a 97% OTU might contain reads with 95% similarity between them. Additionally,
clustering results are dependent on the database completeness, i.e., the prior knowledge of the
microbes in the studied environment. Open-reference clustering fixes the problem of unknown
reads, also being faster than de novo approach, but mixes reference OTUs (i.e., clusters of <97%
similarity) with de novo OTUs (> 97% similarity) (Westcott & Schloss, 2015). On the other
hand, de novo OTU picking has been reported to lack OTU stability, being sensitive to the input
order of the sequences (He et al., 2015), but still outperforms the other approaches. Picking
strategy performance is also influenced by both OTU clustering (Table 4) and sequence
alignment algorithms (Table 5), as well as by the chosen reference database.

Algorithm  Approach Reference method Pipelines Reference

Cd-hit Greedy heuristic  de novo QIIME, Mothur, Li & Godzik (2006)
MG-RAST

UCLUST Greedy heuristic  open, closed, de novo QIIME Edgar (2010)

VSEARCH  Greedy heuristic  open, closed, de novo QIIME, Mothur Rognes et al. (2016)

OTUCLUST Greedy heuristic  de novo MICCA Albanese et al. (2015)

OptiClust Greedy heuristic  de novo Mothur Westcott & Schloss (2017)

ESPRIT Hierarchical de novo N/A Sun et al. (2009)

NN /AN /FN Hierarchical closed, de novo Mothur Schloss et al. (2009)

Swarm Model-based de novo QIIME Mahé et al. (2014)

CROP Model-based de novo N/A Hao et al. (2011)

Deblur ASV-based de novo QIIME2 Amir et al. (2017)

DADA2 ASV-based de novo QIIME2 Callahan et al. (2016)

Table 4: Summary of the most used OTU clustering algorithms. Adapted from Bhat et al. (2019).
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Algorithm Approach Pipelines Reference

Needleman-Wunsch Global alignment ~ Mothur Needleman & Wunsch
(1970)

Suffix tree Local alignment Mothur Weiner (1973)

BLAST Local alignment QIIME, Mothur, MG-RAST Altschul et al. (1990)

MUSCLE Multiple alignment  QIIME, MICCA Edgar (2004)

UBLAST Local alignment N/A Edgar (2010)

USEARCH Global alignment ~ Mothur Edgar (2010)

PYNAST Multiple alignment  QIIME, MICCA Caporaso et al. (2010a)

Clustal Omega Multiple alignment  N/A Madeira et al. ( 2019)

Table 5: Summary of the most used algorithms for sequence alignment.

Taxonomic classification. The next step attempts to assign the taxonomy of each OTU/ASV, using
alignment programs or other classifiers against a reference database. Usually, a consensus taxonomy
is found for each OTU/ASV based on the classification of their individual sequences. BLAST tools
and RDP naive Bayesian classifier (Wang et al., 2007) are the most frequently used tools for AS
taxonomy assignment. But the choice of the reference database is determinant for the final results. The

most used available databases are summarised below.

Available ribosomal RNA reference databases

As stated before, sequence alignment, chimera detection and taxonomic assignment require, in most
cases, a reference database containing known templates. For AS, four reference databases have become
popular, each of them containing sequences from different sources. The majority of bioinformatic

pipelines for AS processing provide compatible versions for these reference databases.

A. GreenGenes (DeSantis et al., 2006). This database holds annotated full-length 16S rRNA
sequences from Bacteria and Archaea organisms. For its construction, high-throughput chimera
detection with Bellerophon was performed, and de novo tree inference was used for taxonomy
assignment. The latest version (gg_13 8 99) contains 202,421 sequences. Unfortunately, it has
not been updated since August 2013.

B. SILVA (Quast et al., 2013). This is a more complete database, containing information from
both rRNA sub-units — SSU-16S / LSU-23S for Bacteria and Archaea, and SSU-18S / LSU-28S
for Eukaryota. In its latest version (Release 138.1), from August 2020, SILVA includes 510,508
non-redundant SSU and 95,286 LSU sequences, and adopts the Genome Taxonomy Database
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(GTDB) for taxonomy assignment (Parks et al., 2018), also including the EMBL-EBI/ENA

taxonomy for every sequence.

UNITE (Kdljalg et al., 2013). UNITE database exclusively includes information from fungal
ITS regions. The current version (8.3) has been last updated in November 2020, and contains
2,688,805 ITS sequences, classified as 120,183 fungal species (considering the UNITE fungal
Species Hypotheses with DOIs at 1.5% threshold).

RDP (Cole et al., 2014). The Ribosomal Database Project is a complete toolkit that includes a
Bayesian classifier and a rRNA taxonomy database among others. The taxonomy database
contains around 3 million aligned and annotated bacterial and archaea 16S sequences and 60-65
thousand fungal 28S sequences. It has been recently updated (training set 18, April 2020) to
include 800 new genera and 4,000 new species.

Available pipeline toolkits

Due to the difficulty in implementing all the necessary steps for amplicon sequence processing, experts

have developed several pipelines including the most adequate tools for each step, adding

functionalities for a more efficient and ergonomic output. Although their final results are similar,

differences in abundance and/or taxonomy assignment might be detected, as default tools and quality

curation methods that each one employs are different.

A. Mothur (Schloss et al., 2009): This toolkit is an open-source single program in C++ language,
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developed as an expansion of DOTUR, an OTU-assignment software using nearest, average and
furthest neighbour algorithms, and SONS, for pairwise alignment. It has progressively re-
implemented the code from other specialized tools to become a complete pipeline, useful for
processing amplicon data from Sanger, PacBio, lonTorrent and Illumina platforms. The main
advantage of Mothur over other pipelines is its plasticity, allowing the user to change a wide
variety of options in order to optimize the processing performance, depending on the type of

inputted data.

QIIME (Caporaso et al., 2010b). Quantitative Insights Into Microbial Ecology is another
popular open-source pipeline that connects multiple external bioinformatics protocols and tools,
including Mothur applications, under a python-based interface. It is also capable of processing
data from different platforms, offering a more user-friendly result visualization at the cost of less

availability of customization options. Its default output format is a .biom table, which includes
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OTU relative abundances and taxonomy. QIIME recently stopped being supported as it has been

replaced by QIIME?2 pipeline.

QIIME2 (Bolyen et al., 2019). This pipeline replaced original QIIME in 2019, offering a new
way to curate and cluster rRNA sequences, based on ASVs classification, through DADAZ2 and
Deblur approaches. QIIMEZ2 output is less typical, as it generates .qza files called Artifacts which
can be visualized in “QIIME2 View” application through transformation to .qzv, or be converted

into typical .biom files or text tables and exported to other tools.

MICCA (Albanese et al., 2015). MICrobial Community Analysis is another open-source
pipeline written in python and C, and also includes external software for AS processing. It
operates similarly to QIIME, but includes less command options, being less extended in use than

the other tools.

1.3.2. Whole metagenome sequencing

Cost reduction and speed improvement in sequencing technologies during the late-NGS and TGS eras

fostered the appearance of whole metagenome sequencing (WMS). This approach consists in

sequencing all the genetic material present in a microbiome sample, in order to obtain as much

information as possible of microbial genomes. WMS technigque goes on in three steps (Quince et al.,
2017):

1)

2)

3)

DNA shotgun fragmentation, generating random sequenceable fragments. The length of the
fragments will be decisive for the accuracy of the results, as longer reads are expected to be

better aligned or assembled.

Sequencing of fragments, using either NGS or TGS platforms. The most used platforms for
WMS are lllumina MiSeq or Hiseq, PacBio SMRT and ONT nanopore sequencing. Although
Illumina platforms are considered second-generation, they have been established as the gold
standard for metagenome sequencing, due to its high accuracy. However, lllumina is currently
being outperformed by TGS technologies, as their continuous refinement allows to obtain longer

fragments with dwindling error rates.

Sequence processing. Two approaches are used when analysing WMS reads. Mapping-based
analysis directly aligns them to a pangenomes database, then calculating the abundance of each
species according to the number of hits over each species’ gene. On the other hand, assembly-
based analysis joins overlapping DNA fragments into contigs, in order to rebuild the original

complete microbial genomes (Quince et al., 2017).
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WMS technologies have important advantages over AS. They cover all the taxa variability without
bias from the use of primers or from gene selection, thereby facilitating the evaluation of overall
microbial composition and the study of the interactions among microbes. Additionally, whole genome
information can be used to explore gene functionality and find active metabolic paths in the studied
community. This approach has been successfully used to register new microbial species, contributing
to expand knowledge about microbial diversity in multiple hosts and environments (Almeida et al.,
2019; Pasolli et al., 2019; Stewart et al., 2019; Pefia-Ocafia et al., 2021).

However, this method generates a huge amount of data, and due to random DNA fragmentation, post-
processing of raw sequences becomes complicated. Thus, WMS is slower and more expensive than
AS, and more important, it requires more computational resources and specialized software to properly
analyse the data. An additional constraint is related to the experimental design, as a mapping-based
approach is better to find known organisms in a faster way, while contig assembly is mandatory for de
novo characterization, at the cost of a higher memory consumption. Moreover, as stated before, TGS
techniques still carry an important drawback related to sequencing error, therefore impeding the correct
characterization of total biodiversity. Hence, even though WMS has opened a new window to
microbial exploration, successfully contributing to deepen in the knowledge of microbiomes’ diversity,

it is crucial to address its current limitations.

An overview of assembly strategies

Computational resources have been a key factor for the evolution of metagenomic techniques. The
constantly increasing production of sequencing data during NGS and TGS eras required more and
more processing power and storing capacity, but more importantly, specialized software tools

optimizing the data processing.

Assembly of overlapping reads is a key step in metagenomics data treatment, as final results rely on
the alignment accuracy, but also because it is a high time and memory consuming process. As a
consequence, optimizing the assemblers has been a major issue during the last decades. Four major

assembly strategies have been developed (Miller et al., 2010; Ghurye et al., 2016):

A. First-generation assemblers. The first assemblers were based on greedy algorithms, which
merge reads with maximum overlapping into contigs, iterating until no more contigs or reads
can be assembled. Several examples of greedy assemblers are available, such as Phrap
(http://www.phrap.ora/phredphrap/phrap.html), TIGR (Sutton et al., 1995) or SSAKE (Warren
et al., 2007).
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B. Second-generation assemblers. These programs used the Overlap Layout Consensus (OLC)
three-step approach. It first calculates pairwise overlaps between all reads and builds a graph
with reads as nodes and overlaps as edges. Then, the layout stage tries to simplify the overlap
graph to find a path corresponding to the real sequence. Finally, the consensus stage uses the
layout information to generate a multiple alignment of the reads. There are several assemblers
using this algorithm, such as Celera (Myers et al., 2000), ARACHNE (Batzoglou et al., 2002),
Edena (Hernandez et al., 2008), for short reads, or Omega (Haider et al., 2014).

C. Third-generation assemblers. De Bruijn graphs (DBG) are based on the utilization of fixed k-
length fragments, known as k-mers, which are generated from fragmentation of the reads. A
graph structure is generated, using the k-1-mers prefixes and suffixes as nodes and the unions
between k-1-mers as edges. The different reads are aligned based on the k-mers they share, and
the final assembly corresponds to the path visiting each edge once, i.e., an Eulerian path. The
most used DBG programs are SOAPdenovo2 (Luo et al., 2012), MEGAHIT (L. et al., 2015)
and metaSPAdes (Nurk et al., 2017).

D. Fourth-generation assemblers. The assembly of long reads from TGS technologies (PacBio
and ONT) poses an additional challenge due to their high sequencing error rates. The necessity
of new software adapted to long and noisy sequences has led to the creation of hybrid assemblers
using modified versions of OLC algorithms joined to either greedy or DBG approaches.

a) Canu. This complex program uses an optimized Celera Assembler (CA) best overlap
graph (BOG) algorithm. CABOG is a hybrid approach that identifies reads as anchored to
others (i.e., likely to overlap) if they share enough k-mers, iteratively making pairwise
alignments between anchored reads to determine overlaps. A multigraph is then
constructed, with each pair of nodes representing each read’s start and end, connected by
undirected edges, and directed edges representing the best overlaps (i.e., overlaps covering
most of the sequence). This greedy process is used to form unitigs (high-confidence contig
seeds) which are then combined into contigs and scaffolds using the corresponding part of
the Celera Assembler OLC pipeline (Miller et al., 2008). The difference between original
BOG and the optimized version used by Canu is that, due to the high error rates of single-
molecule sequencing, the new approach runs multiple rounds of read and overlap error
correction before constructing the graph, thus including only overlaps below the calculated
global error rate threshold (Koren et al., 2017).

b) Flye. As mentioned, an approach combining OLC and DBG can also be used for long
reads, and assemblers such as ABruijn (Lin et al., 2016) or HINGE (Kamath et al., 2017)
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have been developed under this strategy. Flye software goes one step further, trying to
address the problem of repeats by using repeat graphs. These graphs are built from
concatenates of arbitrary and error-prone read assemblies known as disjointigs. The repeat
graphs are then solved by aligning the reads against it, first resolving the bridged repeats
(i.e., those completely contained by at least one read) and then the unbridged repeats to

output more accurate contigs (Kolmogorov et al., 2019).

An overview of non-assembly strategies

Even with the constant improvement of bioinformatic resources, assembly strategies can generate
computational speed and memory problems, as well as certain tendency to create chimeric contigs or
additional bias due to contig binning methods. Assembly-free approaches can be useful to explore core
microbiota of short read sequencing data, if pangenomic databases are sufficiently complete (Table
6). Most of these direct-mapping methods are based on BLAST methods followed by a relatively
simple algorithm known as lowest common ancestor algorithm (LCA), which assigns each read to the
bottom taxonomic rank common to all hits over a specific identity score (Huson et al., 2007), MEGAN
tool being the most popular. Other programs, such as MetaPhlAn, use clade-specific markers (CDS),
i.e., sequences which are highly conserved within clades but not similar to other sequences outside the
clade, before applying BLAST (Segata et al., 2012). This ensures a speed boost in taxonomic profiling,
while keeping good classification resolution. Another strategy is the one carried out by MG-RAST
pipeline, which uses MD5-based non-redundant protein database (M5nr), an integrative indexed
database for similarity search with BLAST, including several taxonomy and function databases.
Functional profiling is also possible through BLAST approaches, as multiple gene databases are

available, though these approaches are always based on entire sequence datasets.

Mapping tool  Read profiling Reference

MEGANG Taxonomic (LCA) Huson et al. (2016)
Functional (KEGG, IP2G, SEED, eggNOG)

SqueezeMeta  Taxonomic (LCA) Tamames & Puente-Sanchez (2019)
Functional (KEGG, COG, Pfam)

MG-RAST Taxonomic (M5nr) Keegan et al. (2016)
Functional (M5nr)

MetaPhlAn 3  Taxonomic (CDS) Beghini et al. (2021)

HUMANN 3 Functional (UniRef90) Beghini et al. (2021)

Kaiju Taxonomic (LCA) Menzel et al. (2016)

Table 6: Summary of the most used metagenome read-mapping tools for taxonomic and functional profiling.
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Available metagenomic reference databases

As it happens with amplicon sequencing, reference database is determinant for metagenomic profiling,
using either assembly or direct mapping strategies. In this case, databases are supposed to contain full
genomes from every living organism, as sequencing is not bound to a unique marker gene, and these
databases will normally be compendiums of other smaller ones. Additionally, computational effort
both building the database and mapping the reads will be much higher. The most used reference

databases in metagenomic taxonomic and functional assignment are summarised below.

A. Taxonomy databases. The most used database for taxonomic profiling is the one from the
National Center for Biotechnology Information (NCBI) (Federhen, 2012). This sequence
repository includes the GenBank, ENA (EMBL) and DDBJ databases, with lineages and names
from organisms pertaining to all living dominions. Although most metagenomic classification
tools use this database as standard reference, custom databases are constantly built and updated
for specific microbiomes. Examples are the Hungate 1000 database (Seshadri et al., 2018),
including genomes and contigs from cow rumen microbiota, or the UHGG collection for human
gut microbiota (Almeida et al., 2021). These databases are useful when profiling well-known
microbiomes, reducing computational effort and removing possible misclassifications. The
NCBI database relies on the sequences uploaded by users around the world, so it might contain
incorrect taxonomic assignments or contaminated genomes (i.e., built-in genomes with bad-
assigned contigs). NCBI RefSeq project (Tatusova et al., 2015) offers an alternative to the
classic database, as it curates GenBank sequences to exclude highly fragmented or contaminated

genomes.

B. Functional databases: Gene function databases are more diverse, as gene functions can be
understood at different cellular, biological and physiological levels. In addition, functional
prediction can be addressed through multiple approaches (Prakash & Taylor, 2012). The most
common one is the classic homology-based approach, which compares predicted query amino
acid sequences with a reference protein from collections such as NCBI or UniProt. Homology-
based databases use different strategies to assign functions to genes. As examples, GO database
uses the protein cell location, its participation in biological processes and its molecular function.
COG (Galperin et al., 2018) and NOG (Huerta-Cepas et al., 2019) databases assign proteins
to orthologous groups (i.e., sets of genes with common ancestors), Pfam (Mistry et al., 2021)
uses domains to assign proteins to families, and CARD (Alcock et al., 2020) matches proteins

to antibiotic resistance ontologies. Another approach is the one followed by KEGG (Kanehisa
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et al., 2019) and SEED (Overbeek et al., 2014) databases, which assign proteins to functional
pathways or subsystems, respectively. The other function analysis approach is the motif/pattern-
based approach, useful for partial protein sequences generated by short read sequencing. Some
databases store a collection of specific sequence or structure motifs that proteins usually share
to keep their normal function. InterPro database (Camon et al., 2005) integrates other smaller
databases relying on these common patterns, and annotates proteins to gene ontology terms
(InterPro2GO0O).

1.3.3. Statistical analysis of microbiota data: current problematics

A recent issue which raised concern in the scientific community is the methodology used for post-
processing and statistical analysis of microbiota data. Taxonomic and functional profiling of microbial
communities, either through amplicon or through metagenomic sequencing, results in data matrices

with some specific characteristics:

Compositional nature

Microbiota datasets are inevitably compositional. This is, the number of reads or contigs mapping to
different features (taxa or genes) is limited by the total amount of reads that can be outputted by the
sequencer. In other words, the abundance of each feature is relative to the number of reads from each
sample. Compositional data are mathematically closured to the unit (or 100%), as each component is
part of a wholesome, and are represented in an (n-1)-dimensional simplex space. Ignoring the data
compositionality is dangerous, as it can involve statistical problems such as subcompositional
incoherence (i.e., results change when working with a subset of the data), increment of false positives
when testing differential abundance or large appearance of spurious correlations. Several solutions
have been proposed for this problem, most of them based on using log-ratio transformations both to
relativize values, reducing spurious correlation problems, and to relocate the sampling space in all the
multivariate space (not only in the positive octant), making possible to apply classic statistical methods
(Greenacre, 2018). For applying log-ratios, data must be divided by different components and then
calculate the logarithm of the quotient. While several techniques have been described, the most used
are centred, additive and isometric log-ratios (CLR, ALR and ILR, respectively). CLR divides absolute
data by the geometric mean of each feature, ALR uses the value of an arbitrary reference feature, which
is also a part of the composition, as denominator, and ILR uses two subsets of parts from the

composition and calculates the geometric mean of one respect to the other (Greenacre, 2018). This
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methodology has proven useful to mitigate the effects of false correlations and subcompositionality,

and it is more and more utilized in microbiome research.

High-dimension multivariate data

Microbiota data contain thousands of different organisms, so the matrices usually include more
variables than samples. This makes standard statistical methods unreliable, as intercorrelated variables
will appear by chance due to high dimensionality problems. Multivariate and dimension reduction
techniques might be used to mitigate the effect of undesired correlations, without losing too much

variability.

High sparsity

Zero values are usually present in high number in multivariate compositions. They pose a problem for
analysis, because statistical significance might be biased, and because data transformations are not
possible when zeros exist. A common patch to avoid zeros when transforming data is replacing them
by a very low value, by simple addition or by imputing them using Bayesian methods. However, zeros
in microbiota datasets possess an uncertain true nature, which makes it difficult to differentiate true
structural zeros (i.e., absence of a microbe in a specific group of animals) from sampling zeros (i.e.,
rare taxa not detected due to the sequencer limited sampling depth capacity) or from outlier zeros
(Kaul et al., 2017). Currently, no standard procedure has been defined for resolving this problem.
Although the zero replacement by addition or imputing are not optimal, since microbial absence cannot
be correctly accounted, it might result appropriate enough for observing compositional differences
between groups of samples.

In summary, the application of data transformations and multivariate statistical techniques addressing
these problems is mandatory for a correct interpretation of the results. Microbiomes are complex
environments with a high diversity of microbes, of which we can only observe a small window. Taking
some correlations as true might lead to misinterpretations, since they can be consequence of

compositionality.
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1.4. Study of the microbiota as a way of understanding and modulating host
metabolism and phenotype

The holobiont concept has been crucial to deepen in the characteristics of the microbiota-host
association. This term was conceived by Lynn Margulis as a way to define the new organism originated
by a symbiotic association between two or more individuals (Margulis, 1990). All animals and plants
are holobionts, as they establish symbiotic relationships with microorganisms, hosting different
microbial populations in their tissues. The phytomicrobiome comprises multiple communities
associated with the aerial parts, roots or inner tissues of the plant, biomes also known as phyllosphere,
rhizosphere and endosphere, respectively (Bhatt et al., 2020). As for animals, they offer a great variety
of niches for microbial communities, although gut and skin microbiota are the most important

communities due to their microbial mass and major impact on host.
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Figure 9: Main factors influencing the structure of host-associated microbiomes.

The composition of plant and animal-associated microbiomes is highly variable. Phytomicrobiome is
more sensitive to abiotic stress than animal microbiome: solar radiation, temperature, humidity and
nutrient availability, as well as soil composition, are important shapers of the phytomicrobiome, even

causing a very active seasonal variation in the structure of the phyllosphere (Copeland et al., 2015),
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while the influence of abiotic factors on animal microbiome mostly relies on thermal stress conditions

and diet variations.

On the other hand, biotic stress caused by pathogen infection can lead to dysbiosis, i.e., a disruption to
the microbiome normal homeostasis (eubiosis), either through the direct effects of the infection
(competing with commensal microbes), the natural host immunity (host-mediated or exploited by the
pathogens) or the utilization of antibiotics. Competition between commensal and pathogenic
microorganisms can occur at several levels: some microbes such as Clostridium difficile are known to
compete for the attachment to mucins at the intestinal mucus layer, as a way to successfully colonize
the gut environment (Cai et al., 2020); other microbes such as enterotoxigenic E. coli (ETEC) have
developed strategies to use alternate nutrient sources to increase their fitness and overcome commensal
bacteria (Kamada et al., 2013). As for the host immunity, some pathogens like Salmonella spp. can
exploit it through activation of the inflammatory pathway to reduce the eubiotic microbial population,
promoting infection (Behnsen et al., 2015). Lastly, antibiotics are the most important biotic stress
source responsible of dysbiosis, causing short-term (opportunistic infections or diarrhoeas) and long-
term effects (allergic conditions) (Konstantinidis et al., 2020). Dysbiosis is related to multiple
disorders and diseases, both in plants and animals (Carding et al., 2015; Liu et al., 2020).
Nevertheless, not only pathogens are biotic sources of microbiota shifting, neither every shifting result
in malfunction of microbiota. Low-virulent viruses can eventually infect holobionts and function as
mutualistic symbionts, even conferring resistance to other infections (Barton et al., 2007).
Bacteriophages are also shifters of prokaryotic communities in a beneficial way by favouring high-
richness populations. As they attack more frequently to the most abundant species, phages tend to drift
the microbiome to a more ecologically diverse one (Scanlan et al., 2015), therefore enhancing the
response capacity, i.e. resilience, of the microbiome ecosystem, and providing health benefits to the
host (EImqvist et al., 2003; Roslund et al., 2020).

But the largest differences in microbiome between holobionts are normally attributed to host
characteristics, which play a central role as microbiome modulators. Host age is determinant, since
transitions in microbiota composition have been reported for different ages in humans and other
animals (Lu et al., 2003; Zhao et al., 2015; Xu et al., 2019). Interestingly, these transitions are more
related either to dietary changes occurring through different aging stages, such as the passage from
lactation to weaning, or to health status degeneration inherent to aging processes (reviewed in Clark
& Walker (2018)). Several studies have also reported a major influence of host genotype on microbial
composition, due to different physical, metabolic or behavioural phenotypes, thereby involving a
heritable component of the microbiota (Crespo-Piazuelo et al., 2019; Lopez-Paredes et al., 2020).

43



CHAPTER 1: BACKGROUND

Significant variations in gut microbiota composition have been observed between different breeds in

domestic animal species (Bergamaschi et al., 2020; Massacci et al., 2020b; Yang et al., 2020).

However, the direction of causality in microbiota-host associations is still unknown for several
phenotypic traits, such as health measures, feed intake, or animal behaviour. Indeed, relationships
between microbiota and host cannot be reduced to a unidirectional dependence, but bidirectional. It is
widely known that host-associated microbiota has an important role in host development and
survivability. Gut microbiota (GM) has been far more studied than other communities, because
digestive tract possesses the highest abundance and diversity of endosymbiotic microbes in most
animals (White et al., 1999; Sender et al., 2016), and also because its contribution to host biology has
a broader scope (Table 7), from nutritional functions to neurobiological influence through the recently

discovered gut-brain axis (Carabotti et al., 2015).

Animal species Influence on host phenotype References

Insects Nutrient acquisition Dillon & Charnley (2002)
Improved digestibility Dillon & Dillon (2004)
Improved fecundity Rosengaus et al. (2011)
Infection resistance

Fish Nutrient acquisition Rawls et al. (2004)
Development Romero et al. (2014)

Infection resistance

Birds Nutrient acquisition Grond et al. (2018)
Detoxification of plant materials
Infection resistance

Mammals Nutrient acquisition Hanning & Diaz-Sanchez (2015)
Increased feed efficiency Dearing & Kohl (2017)
Development Tapio et al. (2017)
Improved fertility and fecundity Khanal et al. (2021)

Increased longevity
Infection resistance
GHG emissions
Higher carcass yield
Product quality

Humans Nutrient acquisition Chassard & Lacroix (2013)
Increased longevity Carabotti et al. (2015)
Infection resistance Badal et al. (2020)

Gut-brain axis

Table 7: Examples of gut microbiota contributions to host biology.
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Medical sciences have used these discoveries to improve human health and longevity, while livestock
industry tries to unravel the influence of microbiota on both animal health and productive traits.
Livestock industry faces multiple challenges related to productivity, animal welfare and health and
sustainability, which traditionally have been addressed through environment modulation (i.e., nutrition
improvement, temperature controlling, health conditions and antimicrobials as last option) or classic
genetic improvement breeding programs. The holobiont concept and the interactions between their
components (i.e., microbiota and host) opens a new way to confront old and new challenges in animal

production.
1.4.1. The case of the Iberian pig

Origins of the Iberian pig

The Iberian pig is a rustic racial group raised mostly in Spain, whose origins date back to the
domestication of the Mediterranean wild boar (Sus scrofa meridionalis) in several areas of the Iberian
Peninsula (Toro et al., 2000). Due to the genetic and physiological singularities of this breed, it is

interesting to know its evolutionary background.

Domestic pigs come from a single Suidae species, the wild boar (Sus scrofa), which originated from
the tropical forests of Southeast Asia and spread across Eurasia and North Africa during the Pliocene
(1-2 Mya). During this expansion period, S. scrofa populations adapted to multiple environments in a
relatively short period of time (Frantz et al., 2016). Up to date, 16 S. scrofa subspecies have been
catalogued (ITIS, 2021), as a result of adaptations to new habitats and foraging strategies.

Archaeological evidence supports the hypothesis of independent domestication events in East Asia
and Near East, 12,000 to 8,000 years ago (Ervynck et al., 2001). On the other hand, the first genetic
studies revealed that Asian and European domestic pigs are closer to regional wild boars than to each
other, suggesting the existence of more independent domestication event hotspots, thereby
contradicting the archaeological and ancient DNA registers (Giuffra et al., 2000). But later research
pointed to introgression phenomena from regional wild boars to imported domestic pigs (introgressive
capture) (Larson & Fuller, 2014), which causes a higher genetic resemblance between them. The
joining of both the archaeological and genetic evidences lead to conclude that long-term independent
domestication occurred only in two regions, China and Eastern Anatolia, and that domestic pigs
accompanied humans in their dispersion across Eurasia, then hybridizing with regional wild boars
(Frantz et al., 2016) (Figure 10). Moreover, human search for improved pig breeds led to

hybridization between different domestic Asian and European populations during the 19th and 20th
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centuries. These repeated admixture processes have generated a considerable amount of pig breeds.
There are currently around 480 pig breeds according to Domestic Animal Diversity Information
System (DAD-IS) (FAO, 2021), most of them being local breeds with a high level of regional wild
boar introgression. Only a few are improved breeds selected for high yield and fertility, which are

majorly distributed through Europe and USA.

Figure 10: Schematic overview of the domestication process of Sus scrofa. Black arrows represent the
dispersion of ancestral S. scrofa from Southeast Asia to Eurasia and North Africa, 1 to 2 Mya. Red zones are
the currently proposed hotspots for pig domestication events (A: Eastern Asia; B: Anatolia), which occurred
12,000 to 8,000 years ago. Red arrows represent the spreading of domesticated pigs accompanying humans.

Iberian pig is a special case of local breed. While other local breeds have experimented crossbreeding
with Asian lineages to improve their prolificacy and productivity, Iberian pig does not possess Asian
introgression (Alves et al., 2003), being distant to other local European breeds (Mufioz et al., 2018)
and highly similar to regional wild boars (Ribani et al., 2019). For this reason, this breed keeps many
adaptative traits from its Mediterranean ancestry. Iberian pig’s morphology is brevilinear, with

stretched and thin legs, a long and pointed snout and dark skin with thick hair. These adaptations make
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it resistant to summer temperature rising and enable it to optimally profit the Mediterranean forest
resources, spending long timeslots scouting for acorns, grass and small roots. Its physiological
adaptations — low basal metabolism, high feed intake and increased fat deposition rate — make it
extremely resilient to food scarcity periods, as they allow to store high amounts of energy as fat
deposits (Toro et al., 2000; Forero Vizcaino & Andrés, 2008). These adaptations have been
described as thrifty genotype and related to obesity (Neel, 1962).

The Iberian pig production system

Iberian pig traditional production is deeply linked to the Dehesa ecosystem, which is profited by human
as an agroforestry production system with extensive livestock use as the main activity. Although
mixing different farming species for maximizing territory exploitation is very common, Iberian pig is
currently the most important one, both economically and in terms of total population. Dehesas are
Mediterranean sparse forests composed by oak species, mostly Quercus ilex and Q. suber, coexisting
with other tree species such as ashes (Fraxinus angustifolia), carobs (Ceratonia siliqua) or junipers
(Juniperus communis, J. sabina), all accompanied by a scarce and low-diversity bush stratum (e.g.,
Cistus ladanifer, Thymus spp., Phyllea latifolia, Arbutus unedo). The prevailing climate of these
forests, mostly present in central, southern and southwestern Iberian Peninsula, is Mediterranean with
continental influences. It is characterized by cold winters and hot summers, as well as variable rainfall,
mainly distributed during winter months and almost absent from May to September. Dehesa pastures
are composed by an annual community with high species richness (e.g., Corynephorus spp., Vulpia
spp., Trifolium spp., Bromus spp.) and different perennial populations, either dominated by Poa
bulbosa and legume species (majadales) or associated with flooded areas (vallicares). Pasture
abundance is dependent on climatology, presenting two growth peaks during spring and autumn and

two minimum during winter and summer (Forero Vizcaino & Andrés, 2008).

The vegetation profile of the Dehesa makes it ideal for extensive exploitation of Iberian pigs. The
arboreal stratum, dominated by Quercus ilex, contributes to improve soil quality and creates
microclimatic conditions under their treetops, softening temperatures and retaining moisture
(Montoya, 1982). These factors are essential for growth of pasture, which ensures a productive and
high-quality nutrient source for livestock — especially through the presence of legume species. Oaks
also provide both foliage and acorns as nutrient supply, the latest being the most important dietary
contribution for Iberian pigs during the extensive fattening period of their productive cycle, known as

montanera.
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The traditional Iberian pig production system is semi-extensive, consisting in a growing period with
food restriction, to avoid premature fat deposition due to its thrifty genotype, and a montanera fattening
period occurring in the Dehesa ecosystems, in which animals mostly feed on pastures and acorns (Daza
et al.,, 2008). This feeding strategy has an
important effect on final products: first,
because acorn-based diet produces high quality
fat, with a unique fatty acid profile richer in
unsaturated acids, mainly oleic acid (C18:1n-
9); and second, because food restriction during
growing period will cause a compensatory
growth during montanera, thus fat deposition
will mainly occur when diet is richer in acorns.
On the other hand, the genetic distinctiveness
of Iberian pigs causes an increase in the amount
of both external and intramuscular fat (IMF)
deposition, compared to other pig breeds. All

these factors confer a higher quality and better

organoleptic properties to Iberian pig products
compared to products from indoor commercial

) Figure 11: Iberian pigs in the Dehesa. Image by
pigs (Ventanas et al., 2007). Cristina Ovilo.

Crossbreeding and intensification

Due to the high quality of their final products, montanera Iberian pig rearing represents one of the
most internationally successful examples of sustainable local breed production systems. Indeed, Spain
ranks as the fourth country in swine meat exportations, with an important contribution of Iberian dry-
cured products, mostly ham (FAQO, 2020). But the widespread demand for these products has not been
always as it is now. During the 1960s, Iberian pig populations suffered an important downsizing
process mostly due to the low interest in high-fat products and the emergence of new selected breeds,
more efficient for meat production because of their faster muscle development, increased growth rate
and higher fertility and prolificacy. Later changes in consumer demands, more focused on meat quality,
allowed to recover the Iberian pig production, occupying a new high-price niche in the market.
Unfortunately, the low productivity and prolificacy of the Iberian pig remained significant problems

for farmers, and crossbreeding with Duroc pigs became a common practice.
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Duroc breed was originated in the United States of America as a result of multiple crossbreeding events
during the 18th and 19th centuries. Their African ancestors were transported from the Guinea coast to
New England during the era of slave trade, and subjected to crossbreeding during the 1800s with
different European breeds such as Berkshire or some Iberian pig’s varieties. The actual Duroc is an
improved commercial variety created during the 19th century, as a result of crossbreeding between
New York’s old Duroc and Jersey Red pig (originally, it was known as Duroc-Jersey pig). Duroc pigs
are known by their dark coloured coat from orange to brown and their high productivity, as they have
been strongly selected. They possess fast growing and high prolificacy, with litters of 10-15 piglets,
and most of the selected lines have a high carcass yield, producing large amounts of meat (Vaughan,
1950), making this breed ideal for intensive farming. Although different crossbreeding between Iberian
and commercial pigs have been tested before, Duroc has been established as the preferred parental line
in Iberian crossbreds, not only for its high performance, but also because of both its genetic closeness
and its physical resemblance — i.e., the dark coat colour — to Iberian pig (Rothschild & Ruvinsky,
2011).

This strategy has helped to solve some of the Iberian pig production problems, as crossbred animals
have higher prolificacy, growth rate and carcass yield than Iberian purebreds. However, their litter size
and maternal aptitude is lower in comparison to improved breeds. In order to preserve the breed, its
genetics and the production system, the legislation demands the employment of pure Iberian sows for
crossbreeding with Duroc boars (Quality Norm for Iberian products, BOE, 2014). This implies that
reproductive ability is far below to that reached by modern pig genotypes. The reduced uterine capacity
of the Iberian pig (Gonzalez-Afiover et al., 2011) limits the development of foetuses and induces
differential growth among littermates leading to increased heterogeneity and high incidence of low
birth-weight piglets (LBW). LBW offspring are a huge problem as their health is compromised at birth
and they show altered developmental patterns, health status, and adult phenotype (Quiniou et al.,
2002; Gondret et al., 2006; Rehfeldt & Kuhn, 2006). Thus, improvement of prolificacy and piglet
viability in early periods has major implications on the profitability and future development of Iberian

pork production.

In summary, Duroc x lIberian crossbreeding is a strategy which offers farmers the opportunity to
intensify and improve their production, while preserving the Iberian pig’s characteristics. However,
the loss in product quality respect to purebred Iberians, as well as the mentioned maternal aptitude
problems, are the cause of the overall shifting to crossbred intensive production, which represents 75%
of total Iberian pig production, while traditional purebred montanera is less than 10% (MAPAMA,
2019). Solutions have been searched through diet optimization, as high-oleic acid supply could
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improve IMF composition, or breeding programs, mostly in intensive rearing systems, which have

larger room for improvement.

State-of-art of microbiome studies in pigs

Swine microbiome has been broadly studied from different perspectives. Although the vast majority
of available studies are based on 16S sequencing of V3 or V4 hypervariable regions, thereby focusing
on bacterial sub-populations, a notable amount of knowledge on pig microbiota has been generated,

both in taxonomic composition and metabolic functioning.

Most of the microbial niches contribute somehow to host health. Both oral and vaginal microbiomes
are known to house pathogens responsible of important epidemics. Murase et al. reported saliva as the
most probable source of infection from Streptococcus suis and other streptococcal species (Murase et
al., 2019). However, the composition and normal functioning of vaginal microbiota in pigs is still a
matter of research. Characterization studies have been carried out, stating that vaginal microbiota is
pretty similar to faecal microbiota due to anatomical disposition of rectum and genitalia (Lorenzen et
al., 2015). But the major evidence of pathogen presence in vaginal region has been so far observed
only by culture techniques (Bara et al., 1993), and so plenty of microbial diversity in both eubiotic
and dysbiotic conditions is still unknown. Instead, vaginal microbiome in pigs is better known for its
participation in neonatal development, as some studies have found relationship between gilt vaginal

dysbiosis and piglet gut dysfunction, even affecting brain development (Jasarevi¢ et al., 2015).

However, these niches have been scarcely explored, as the majority of the current research focuses on
the gut microbiome. The composition of pig gut microbiota is well known at each gut portion, with
large presence of Firmicutes, Bacteroidetes and Proteobacteria (Ramayo-Caldas et al., 2016; Xiao
et al., 2016). Small intestine possesses a less stable community and a lower microbial richness than
colon regions, as reported by several authors (Yang et al., 2016b; Kelly et al., 2017). Studies in distal
colon and faeces reveal Prevotella spp. as a common and a very abundant genus in those regions
(Ramayo-Caldas et al., 2016; Crespo-Piazuelo et al., 2019). Other studies have also delved into the
age-related changes in microbial composition, mostly in colon region. According to current
knowledge, pre-weaning stage is characterized by a predominance of Proteobacteria from
Escherichia-Shigella group — such as E. coli —, accompanied by some Bacteroidetes and Firmicutes
genera, such as Bacteroides, Streptococcus, Clostridium or Lactobacillus, the latest playing a crucial
role in disease prevention (Mach et al., 2015; Fouhse et al., 2016). Proteobacteria are gradually
replaced by Bacteroidetes representatives, mostly Prevotella, with the transition into adulthood, while

Firmicutes are known to increase with age (Slifierz et al., 2015; Zhao et al., 2015; Ke et al., 2019).
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Maturation of GM also involves an increment in richness and evenness and lower abundance of
facultative anaerobes (Escherichia-Shigella or Streptococcus) and opportunistic pathogens, due to
increased competition (ETEC, Helicobacter, Lactococcus, Campylobacter or Actinobacillus) (Slifierz
etal., 2015; Gresse et al., 2019). All these age-related changes are highly linked to diet transition from
milk to plant-based, thus weaning period plays a significant role in adult GM composition, and so in
host health. For instance, Massacci et al. reported that late weaning might be beneficial for adult pigs,
through increasing colon microbiota diversity and the abundance of Faecalibacterium prausnitzii
(Massacci et al., 2020a), a bacteria known for improving gut health in humans (Miquel et al., 2013).

Gut microbiome has also been associated with multiple swine productive traits, such as growth,
performance, feed efficiency or carcass composition (Maltecca et al., 2020). As bacterial metabolism
is directly correlated to host nutrient supply, it is reasonable to deduce that microbiota will contribute
to host development. Some bacteria have been found as significantly correlated to pig body weight,
either in pre-weaning phase (Streptococcus and Lactobacillus) or in adult phase (Turicibacter,
Clostridium or Akkermansia) (Derrien et al., 2017; Wang et al., 2019). GM also affects adiposity, as
several studies have associated an elevated Firmicutes/Bacteroidetes ratio to obesity phenotypes, while
Akkermansia is known as inversely correlated to obesity (Cani & de Vos, 2017; Yang et al., 2018).
As fat deposition is in turn related to organoleptic parameters, F/B ratio might as well modify meat
quality. In fact, a significant proportion of variance in several carcass composition and meat quality
traits can be explained by microbiota composition, including average daily gain, fat thickness,

premium cut’s weight, tenderness, redness and yellowness (Khanal et al., 2021).

So far, the state-of-art of gut microbiome studies in Iberian pig is still scarce. Crespo-Piazuelo et al.
have already described the progression in GM through the different intestinal regions (Crespo-
Piazuelo et al., 2018), with results matching former studies in other breeds, and have also analysed
the association between the pig genome and the relative abundance of gut microbes (Crespo-Piazuelo
et al., 2019), stating that pig genome has control on GM composition. However, research linking GM
to phenotypic traits in Iberian pigs is limited, including non-published associations between GM
composition and birth weight in crossbred animals (Vazquez-Gomez et al., 2019; Heras-Molina et
al., 2021). In addition, other authors have proposed to use GM composition as proxy for traceability
of farming systems (Garcia-Casco et al., 2019). Given that this breed possesses some peculiarities
related to metabolism, development, fat deposition and fatty acid composition, it might be interesting

to explore the relationships between gut microbiome, tissue metabolism and meat composition.
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1.4.2. The case of dairy cattle

Origins and evolution of bovine cattle

Bovine cattle originated during the Neolithic era, about 10,000 years ago, through domestication of
currently extinct wild aurochs (Bos primigenius). Current studies point to two independent
domestication processes, one in the Fertile Crescent and another in Asia, which resulted in two
different domestic taxa, taurine cattle (B. taurus) and indicine cattle (B. indicus), respectively. Current
mtDNA studies suggest that farmers spread taurine cattle through Europe, where hybridization with
regional aurochs occurred (Upadhyay et al., 2017; Pitt et al., 2019) (Figure 12). It must be pointed
out that it is still not clear whether the domestic taxa form separate species or if they are aurochs’
subspecies, since they have remarkable morphological and genetic differences, but interbreeding
between them and with related species (e.g., Bos grunniens or B. javanicus) is possible, producing
hybrids that can be fertile or sterile (Zhang, 2000; Nijman et al., 2003).

Figure 12: Proposed domestication points and dispersion routes for taurine and indicine cattle. An additional
domestication site has been proposed in Western Egypt, though current research points to the existence of only
two independent events. Figure from Pitt et al. (2019).

During the European expansion, B. taurus populations diverged under the influence of different human

tribes, specializing in beef (Charolais, Limousin or Angus), dairy (Holstein or Jersey) or dual-purpose
breeds (Simmental, Brown Swiss or Dexter), either large or medium-sized (FAO, 2021). A number of
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breeds adapted to semi-arid and tropical environments emerged after cattle introduction in multiple
parts of the worlds. For instance, Spanish and Portuguese empires introduced cattle in Central and
South America during the 16th century, originating breeds such as Creole or Senepol, while Australia
received Shorthorns and Herefords from United Kingdom during the 1800s (O’Neill et al., 2010).

The upcoming arrival of new technologies in the 1950s, within the framework of the so-called Green
Revolution, led to a mechanization and intensification of livestock production. This was accompanied
by the emergence of quantitative genetics methods and the definition of selection indices, leading to
the establishment of breeding programs, which significantly reduced the genetic diversity of taurine
and indicine cattle by favouring high-productive strains (O’Neill et al., 2010). However, selection for
high production has generated undesired responses in other traits (Rauw et al., 1998). In dairy cattle,
increased milk production requires a higher mobilization of the body reserves, which causes a negative
energy balance that has been related to metabolic disorders (hypocalcaemia, ketosis or ruminal
acidosis) and a higher incidence of production diseases (mastitis or lameness) (Mulligan & Doherty,
2008). Milk production has also been correlated with reproductive loss (Lucy, 2001). In addition,
massification and intensification promoted the onset of other problems, such as animal welfare issues

or the overwhelming increment of livestock greenhouse gas (GHG) emissions.

Contribution of cattle to global warming

Ruminants are a suborder of Artiodactyl mammals characterized by possessing a four-chambered
stomach specialized for plant digestion. This group includes multiple families such as tragulids,
cervids, giraffids, antilocaprids and bovids (Hernandez Fernandez & Vrba, 2005). The ruminant
stomach can be anatomically divided in the forestomach complex and the true stomach. The
forestomach includes the three first chambers, the rumen, the reticulum and the omasum, while the
abomasum constitutes the glandular stomach. Each compartment fulfils different functions in food
digestion. The rumen contains an important microbial community with a crucial role fermenting plant
fibre. In the reticulum, partially digested material is separated: while undigested particles are
regurgitated and chewed (rumination), thereby facilitating their reduction and later digestion, digested
particles pass to the omasum, where volatile fatty acids, minerals and reticulum fluid are absorbed.
The enzymatic digestion of dietary remnants and microbes is carried out in the abomasum, this process

continuing in the small intestine (Clauss & Hofmann, 2014).

Rumen microbiota (RM) plays an essential role in digestion, through a process known as enteric
fermentation. This process consists in the digestion of plant complex carbohydrates by several

microbial species, producing nutrients usable by the host and methane as a residual, which is expelled
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by the host through eructation. The microbes participating in this process constitute an anaerobic
trophic pyramid in which each level uses the metabolic residuals from the former as nutrient source.
Thus, primary fermenters decompose complex fibres and generate nutrients usable by the host and by
other secondary fermenters, which in turn produce methane precursors. Lastly, methanogenic archaea
utilize these precursors to carry out their metabolism and output methane as a residual in a process
known as methanogenesis (Crable et al., 2011; Mizrabhi et al., 2021). Methanogenesis is carried out
by multiple archaeal groups, which use different precursors as metabolites to produce energy under
anaerobic conditions. Three methanogenesis pathways have been described until now,
hydrogenotrophic, methylotrophic and acetoclastic (Figure 13).
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Figure 13: The three methanogenesis pathways: hydrogenotrophic (red), acetoclastic (blue) and
methylotrophic (green). Adapted from KEGG methane metabolism pathway
(https://www.genome.jp/pathway/ko00680) and Galagan et al. (2002).
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The most common one is hydrogenotrophic methanogenesis, present in all the basal groups of
methanogens and using CO> or formate as electron donors. Methylotrophic methanogenesis is less
exergonic than hydrogenotrophic and is only present in Methanosarcinales, Methanomassiliicoccales
and Methanobacteriales, which use methanol or methylamines as methyl donors to Coenzyme-M.
Finally, acetoclastic methanogenesis is the least exergonic of the three mechanisms, reserved only to
Methanosarcinales, and uses the activation of acetyl-CoA to acetate, whose cleavage produces CO
and a methyl group (Wolfe, 1993; Lang et al., 2015).

The ongoing climate emergency has highlighted the need to urgently reduce GHG emissions from
human activities. Latest data from IPCC report an increase in atmospheric GHG concentrations up to
an average of 410 ppm for carbon dioxide (CO.), 1866 ppb for methane (CHa), and 332 ppb for nitrous
oxide (N20) in 2019. This concentration increment has resulted in a global warming of the Earth’s
surface, whose temperature has risen 1.09°C in the 2011-2020 period compared to 1850-1900, being
the 2003-2012 period critical for temperature rising (+0.19°C) (IPCC, 2021). As stated by IPCC,
“Observed increases in well-mixed greenhouse gas (GHG) concentrations since around 1750 are
unequivocally caused by human activities” (IPCC, 2021). Hence, global measurement and control of
human GHG emissions has become important in order to mitigate climate change effects. Although a
consensus on the correct assignment of GHG emissions to each human activity sector has not been still

reached, an approximation is currently accepted (Figure 14).

Data from different countries have been aggregated by several projects such as the Global Carbon
Project (GCP), the Climate Analysis Indicators Tool (CAIT) from the World Resources Institute, the
Emissions Database for Global Atmospheric Research (EDGAR) or the data from the UNFCCC
(United Nations Framework Convention on Climate Change). Other resources more focused on
specific sectors can be found as well, like the databases from the IEA (International Energy Agency)
for emissions generated by energy supply, the FAO (Food and Agriculture Organization) for emissions
derived from agriculture and food production, or the GLEAM (Global Livestock Environmental

Assessment Model) for livestock GHG emissions.

Although energy generation activities are the main source of GHG, representing a 70% of total human
emissions, those derived from farming activities are not despicable. The most updated disaggregated
data show a contribution from livestock direct emissions (i.e., CHs4 and N2O from manure management
and CH4 from digestive processes) of 3.9 - 4.1 GT(CO.eq)/year for 2017 and 2018 (FAO, 2017; Poore
& Nemecek, 2018), of which around 70% are generated by cattle (2.8 GT COzeq in 2017). Although

part of cattle emissions ends as neutral due to carbon sequestration by pastures feeding the same
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animals, intensification and overpopulation have outweighed this closed carbon cycle, resulting in a
net increase of atmospheric GHG concentrations (Garnett et al., 2017). The relevance of cattle in this
context can be mostly attributed to the digestion process characteristic of ruminants, which produces
high amounts of methane (2.51 GT COeq in 2017).
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Figure 14: Total GHG emissions (COzeq) from human activities during the year 2018. Data for major sectors
(energy, industry & waste) adapted from Climate Watch database (https://www.climatewatchdata.org/).
AFOLU data adapted from Poore & Nemecek (2018).

Direct emissions

As said before, methanogen activity is closely related to the fermentation of plant carbohydrates by
bacteria, which makes cattle emissions dependent on their diet, feed intake and feed efficiency (de
Haas et al., 2011), in addition to the heritable component of RM (Wallace et al., 2019). Multiple
approaches have been proposed for methane reduction, including de-intensification of livestock
towards more sustainable production systems, diet modification or the inclusion of emissions as a

phenotypic trait into modern breeding programmes.

So far, nutritional strategies have proven successful for GHG reduction, both by manipulation of
nutritional balance or by the use of additives. Rendon-Huerta et al. revisited the current knowledge on
nutrient modulation applied for this goal, thus concluding that lower crude protein and forage content
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could decrease both CH4 and N2O emissions in dairy cattle (Renddn-Huerta et al., 2018), while also
being effective measures for beef cattle (van Gastelen et al., 2019). On the other hand, several
additives have been described as potent inhibitors of methanogenesis. For example, 3-
nitrooxypropanol (3-NOP), which inhibits the methyl-CoM reductase, is reported to reduce up to 60%
of methane production in cattle (Haisan et al., 2014; Van Wesemael et al., 2019). Another promising
additive is the red algae Asparagopsis taxiformis, which contains various anti-methanogenic
compounds such as bromoform or dichloromethane, reducing up to 80% of methane emissions in beef
cattle (Roque et al., 2021). Lastly, competitive inhibitors of methanogenesis, such as nitrate and
sulphate, have also proven effective to reduce methane production through reducing the bioavailability
of precursors for methanogens (van Zijderveld et al., 2010; Yang et al., 2016a; Sela-Adler et al.,
2017).

Other approaches have focused on genetic selection, which currently stands as the most efficient
strategy for reducing enteric methane, with predictive studies calculating a potential reduction of 20-
25% in methane emissions in 10 to 20 years when applying modern selection indices (Gonzalez-Recio
et al., 2020; Lopez-Paredes et al., 2020; de Haas et al., 2021). The heritability for methane
concentration, production and/or intensity has been estimated in values from 0.11 to 0.30, using
different regression models (Lassen & Lgvendahl, 2016; Pszczola et al., 2017; Brito et al., 2018;
Breider et al., 2019; Lopez-Paredes et al., 2020), and even 0.35 when using predicted methane
production based on feed intake instead of direct measurement (de Haas et al., 2011). Thereby, many
breeding programmes have begun to consider including methane production as a trait for selection,
either from direct measurement or predicted through feed intake and diet composition (IPCC, 2000).
Other programmes use indirect selection through productive traits such as residual feed intake
(Basarab et al., 2013), since methane production is linked to food consumption and digestibility.
Furthermore, the existence of a relationship between rumen microbiota and host genetics plays a key
role to consider the microbiome information in the selection indices. There is evidence of host genetic
control on microbiota composition via physiological and metabolic characteristics (Roehe et al., 2016;
Gonzéalez-Recio et al., 2018; Abbas et al., 2020). Also, genetic correlation between methane
production and rumen microbiota composition has been reported. In this sense, some authors have
proposed to add microbial information to selection indices, since mixing host genetic and metagenomic
information to predict methane production could result in an improvement of selection response
(Saborio-Montero et al., 2021).

Both the direct role of rumen Archaea and the existence of a host-microbiome interaction have placed
the spotlight on RM for reducing enteric methane production from ruminants. RM modulation through
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direct approaches or through genetic selection are arising as valid strategies to improve feed efficiency,
therefore positively affecting to the animal’s productivity, and to mitigate cattle impact on global

warming.

State-of-art of microbiome studies in dairy cattle

Rumen microbiome has a major contribution to multiple aspects of cattle production, and therefore it
has been broadly studied in recent years. The current knowledge about RM is fairly broad, and WMS
techniques have been repeatedly applied to characterize its composition in different cattle breeds.
Firmicutes and Bacteroidetes have been reported to predominate in RM composition, with high
representation of fibre fermenters, as it occurs in other herbivore animals. While Bacteroidetes are
mainly represented by Prevotella, Firmicutes group is more variable in genera and includes both
primary fermenters (Ruminococcus, Lachnospira, Butyrivibrio or Pseudobutyrivibrio) and secondary
fermenters (Selenomonas or Acetitomaculum). Fibrobacter is another cellulose-degrader highly
prevalent in rumen populations. Other representative rumen bacterial phyla are Proteobacteria and
Actinobacteria (Mizrahi et al., 2021). Methanogenic Archaea community is less abundant, although
different abundance measures have been reported (Wallace et al., 2015; Martinez-Alvaro et al.,
2020; Xue et al., 2020). In general terms, Methanobrevibacter from Methanobacteriales is the most
abundant representative, with a relative abundance that can reach up to 70% of Archaea. In contrast to
pig microbiota studies, early research through microscopic counting added to new WMS techniques
allowed estimating the abundance of eukaryotic rumen populations. Protozoa are not present in
newborn animals, being acquired through direct contact with saliva from other individuals (Stewart
et al., 1988), but they are very diverse and usually reach high abundances in rumen, up to half of rumen
biomass (Hungate, 1966; Newbold et al., 2015). However, as diversity has been mostly measured
through morphological identification and amplicon sequencing, it might still be underestimated. Less
information is available for fungi, though it is known that their abundance is far lower than protozoa
(Fouts et al., 2012). New research is being carried out in this sense, as the elaboration of rumen
databases through metagenomic assembly allows to identify new eukaryotic genomes, thus expanding
the knowledge of their true diversity (Stewart et al., 2019; Watson, 2021; Xie et al., 2021).

Microbiota modulation strategies for mitigating methane production have been investigated at different
levels. The most direct strategies are mainly focused on methanogen destruction through the utilization
of viruses (Siphoviridae phages) and vaccines, though this approach is still ineffective, as rumen
siphoviruses have not been yet isolated and vaccine effects might be limited due to the extensive and

unknown biodiversity encompassed inside methanogens (McAllister & Newbold, 2008; Mizrahi et
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al., 2021). Other strategies try to reduce the bioavailability of methane precursors by targeting the
abundance or activity of microbes up in the trophic chain. One largely studied example is protozoa
defaunation, as these microorganisms are responsible of generating high amounts of hydrogen, thus
providing substrate to methanogens (Williams & Coleman, 1992). However, defaunation experiments
generally show a decrease in organic matter digestibility due to the loss of fibrolytic activity from
protozoa (Newbold et al., 2015). The replacement of methanogens by acetogenic bacteria as a way to
boost alternative electron sinks has also been tested, but so far reported effects are weak and temporary
(Ungerfeld et al., 2003; Fonty et al., 2007). In brief, for the proposed approaches to be truly effective,
a better understanding of the structure of the rumen microbiota and its interaction with the host is still

needed.
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2.1. Study of gut microbiota in Iberian pigs through amplicon sequencing

As stated before, Iberian x Duroc pigs possess higher prolificacy, growth rate and carcass yield than
purebred Iberians. However, crossbreeding has a negative impact on the quality and composition of
their final products, directly, as meat becomes leaner, and indirectly, as crossbred pigs are usually
reared in intensive systems and fat composition lacks the additional unsaturated fatty acids provided
by acorns. Moreover, differential development of adipose tissue has been attributed to differences in
gene expression (Ovilo et al., 2014). This practice might represent an important issue for the Iberian
quality-based market, and research efforts have focused on improving IMF content and organoleptic
properties of the meat from crossbred animals, from multiple approaches. For instance, diet
optimization is an important research field. Reduction of dietary protein during fattening period has
proven effective for increasing IMF content (Tejeda et al., 2020), while vitamin A restriction during
carly growth phases increases the pig’s lipogenic potential (Ayuso et al., 2015). Oleic acid
supplementation is far more extended, as modulation of oleic proportion can be used for simulating
IMF fatty acid profile resulting from montanera finishing, as well as for improving meat quality. The
inclusion of oleic-enriched ingredients in diet, i.e., a partial replacement of diet carbohydrates,
saturated or polyunsaturated fat with monounsaturated fatty acids, has proven effective to replicate the
montanera FA profile in Iberian and crossbred pigs (Daza et al., 2005, 2008), this enrichment affecting
also muscle gene expression (Benitez et al., 2019). Handling optimization has also been used, mostly
for reducing heat stress in farming facilities, which can negatively affect growth through deterioration
of intestinal fermentation and reduction of feed intake (Pardo et al., 2020). Lastly, genetic breeding
programs are starting to work, due to the crescent interest in pure Iberian production, although they
are still scarce. So far, the main genetic selection programme is managed by AECERIBER, mostly

targeting ADG and premium cuts’ performance (Nieto et al., 2019).

Microbiota research has opened a new door for studying the effects of genetic background and rearing
systems on lberian pig physiology and meat quality. It has been proven that modification in gut
microbiota through diet and other environmental factors has an impact on animal phenotype, affecting
nutrient acquisition, metabolism, health, productivity and even appetite, thus altering final product’s
quality. In addition, GM composition has also been related to host genetic background, conferring it a
certain degree of heritability. Disentangling this close and complex bond between host and GM is
critical to understand the effects of crossbreeding or diet management on the pig phenotype, and might
as well offer the possibility to directly modify GM composition to increase fat deposition, composition
or feed intake, as it is being proposed for other species (Dahiya et al., 2017; Olmos Soto, 2021).
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2.2. Study of rumen microbiota in cattle through whole metagenome sequencing

As the main microorganisms responsible of methane production are well known, methanogens are in
the spotlight of microbial modulation experiments in the search for reducing cattle methane emissions.
However, their true diversity and abundance are still unknown, and their participation in methane
production might be covered by other communities such as ciliates and other protozoa, which are
known for engulfing endosymbiotic methanogenic archaea (Tapio et al., 2017; Hackstein & de
Graaf, 2018). In addition, other microbes participating in further metabolic pathways are also present
in rumen microbiome, including predators, parasites, competitors or co-dependent microbes. In fact,
this community possesses a huge diversity and biomass (Weimer, 2015), making it one of the most
studied microbiomes and a model case of complex ecological interactions between microbes. Hence,
modulation of rumen microbiome becomes a complicated task, as it requires a deep knowledge of its
main population structure, gene expression and interspecific relationships to precisely modify a desired
parameter, such as methane production, without interfering in the normal functioning of the microbiota
and the host.

WMS techniques have opened a new way to characterize microbial communities, both through
taxonomy and functionality. Considering the rumen microbiome as a whole is important to shed light
on the true extent of microbial interactions. In the context of methane production, it might be useful to
unveil whether free methanogens or endosymbiotic methanogens are the main producers of methane

in cattle, as well as to identify the main methane precursor sources.

2.3.  Compositional analysis of microbiota

As stated before, classical statistical approaches are suboptimal to analyse microbiome data. Their high
dimensionality forces to utilize multivariate methods, and their compositional nature involves the use
of log-ratio transformations for an optimal treatment of data. High sparsity must be taken into account
as well, since zeros might be an important source of bias, and also the application of logarithms is not

possible without removing zeros.

Although a gold standard for microbiome analysis has not been established yet, multiple procedures
and tools are currently available to patch these hindrances. CLR transformation has been established
as a valid method to explore microbiota composition, while zero treatment is usually addressed through
replacement by a constant value or by Bayesian imputation. The experiments carried out in this thesis
have been performed following these criteria, in order to reduce the effect of spurious correlations and

compositionality bias.
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2.4. Objectives

This thesis tries to address these challenges from a holobiont perspective, in order to unravel the role
of the gut microbiota through different analytical methods, also taking into account the problems of

microbiota compositional nature.

Principal objectives of this thesis

1. Todevelop novel bioinformatic approaches to study the role of microbiota on several phenotypic

traits of interest in livestock species, considering the compositional nature of metagenomic data.

2. To identify the main gastrointestinal microbes related to the current productive challenges

concerning two main livestock species.

3. To characterize the microbiome-mediated physiological and metabolic mechanisms and

pathways related to host relevant traits.

Specific objectives of this thesis

1. Methods:
a. To identify the best amplicon sequencing post-processing bioinformatics protocol for
microbiota studies in livestock species.
2. lberian pig:
a. Tounderstand the differences in gut microbiota composition according to two main factors
affecting Iberian pig production and quality: genetic background (Iberian versus Duroc

genotypes) and diet composition (oleic acid and fibre content), as well as their interaction.

b. To infer potential relationships between pig gut microbiota composition and the

phenotypic and metabolic peculiarities of Iberian pigs.
3. Dairy cattle:
a. To identify the main rumen microbes involved in methane production.

b. To disentangle the microbial metabolic pathways driving the methane production.
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Background: Microbiome studies need to analyze massive sequencing data, which
requires the use of sophisticated bioinformatics pipelines. Up to date, several tools are
available, although the literature is scarce on studies that compare the performance of
different bioinformatics pipelines on rumen microbiota when 16S rBNA amplicons are
analyzed. The impact of the pipeline on the outcome of the results is also unknown,
mainly in terms of the output from studies using these tools as an intermediate
phenotype (pseudophenotypes). This study compares two commonly used software
(Quantitative Insights Into Microbial Ecology) (QIIME) and mothur, and two microbial gene
data bases (GreenGenes and SILVA) for 16S rRNA gene analysis, using metagenome
read data collected from rumen content of a cohort of dairy cows.

Results: We compared the relative abundance (RA) of the identified OTUs at the
genus level. Both tools presented a high degree of agreement at identifying the
most abundant genera: Bifidobacterium, Butyrivibrio, Methanobrevibacter, Prevotella,
and Succiniclasticum (RA > 1%), regardless the database. There were no statistical
differences between mothur and QIME (P > 0.05) at estimating the overall RA of
the most abundant (RA > 10%) genera, either using SILVA or GreenGenes. However,
differences were found at RA < 10% (P < 0.05) when using GreenGenes as database,
with mothur assigning OTUs to a larger number of genera and in larger RA for these
less frequent microorganisms. With this database mothur resulted in larger richness
(P < 0.05), more favorable rarefaction curves and a larger analytic sensitivity. These
differences caused significant and relevant differences between tools at identifying the
dissimilarity of microbiotas between pairs of animals. However, these differences were
attenuated, but not erased, when SILVA was used as the reference database.

Conclusion: The findings showed that the SILVA database seemed a preferred
reference dataset for classifying OTUs from rumen microbiota. If this database was used,
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both QIIME and mothur produced comparable richness and diversity, and also in the
RA of most common rumen microbes. However, important differences were found for
less common microorganisms which impacted on the beta diversity calculated between
pipelines. This may have relevant implications at studying global rumen microbiota.

Keywords: mothur, QIIME, 16S rRNA, rumen microbiota, bovine

INTRODUCTION

Research on ruminal microbiota is becoming increasingly
important in dairy cattle as the microbial communities and
their genome expression are related to important traits as
health condition (Zilber-Rosenberg and Rosenberg, 2008), feed
enteric fermentation (Zhou et al., 2009, 2010), or methane
emissions (Wallace et al., 2015; Kamke et al., 2016; Roehe et al.,
2016). The differences in the microbiota composition have also
been proposed as a predictor or proxy of the differences in
complex traits and environmental phenotypes (Ross et al., 2013;
Kambke et al., 2016). Improving these traits is relevant for farm
profitability and sustainability (Basarab et al., 2013; Bell et al.,
2013; Gonzalez-Recio et al., 2014a). Further, there is increasing
interest on inferring the host genetic influence on the microbiota
composition (Goodrich et al., 2016; Roehe et al., 2016). Tools
that accurately estimate the microbial composition are essential
to associate microbiota to phenotype variability.

Advances in sequencing technologies allow for obtaining
genomic information in a fast and affordable manner. Whole
metagenome and rRNA amplicons sequencing provide useful
information to characterize the microbial composition in a given
environment. Metagenomic information from hypervariable
regions in the 16S and 18S ribosomal RNA amplicons are so
far preferred in microbiome research due to their lower cost
and reasonable accuracy. The results of these kind of studies
rely on computational tools that provide accurate characteristics
from large data sets of DNA sequences from the community
under investigation (Lindgreen et al., 2016). Several authors
have reviewed the specifications of different bioinformatics
tools to analyze 16S rRNA gene sequences (Lozupone et al.,
2005; Nilakanta et al., 2014; Oulas et al., 2015). Among these
tools, mothur (Schloss et al., 2009; Kozich et al., 2013) and
Quantitative Insights Into Microbial Ecology (QIIME) (Caporaso
et al, 2010) are currently two of the most used suits of
tools to analyze sequencing information from rRNA amplicons.
However, comparisons between these tools on real data sets
are scarce. For instance, other authors performed a benchmark
study in order to investigate the performance of several tools
in terms of microbial taxonomy and function (Lindgreen et al.,
2016). These authors applied the methods on synthetic whole
sequence metagenomes, which aim to represent the complexities
encountered in a non-specific environment. In that study, QIIME
resulting on a high specificity at determining the genus level
but low sensitivity, whereas mothur was not tested. A recent
study evaluated QIIME and mothur in fecal samples collected
from preterm infants, showing slight differences in terms of
the effective number of genera, richness and relative abundance
(RA) detected (Plummer and Twin, 2015). Up to the best of

our knowledge, the performance of these tools has not been
yet evaluated in aligning rumen metagenome samples to public
amplicons databases. Rumen microbiota poses the difficulty that
most species have not been yet isolated, and therefore gene data
bases may lack of many of the species in the rumen.

The aim of this study was to compare the rumen microbiota
composition resulted from two different software: mothur and
QIIME, when aligned against GreenGenes (GG) or SILVA
databases. The null hypothesis is that the software and data
base used to determine the ruminal microbial composition do
not impact the results and conclusion from rumen microbiota
studies.

RESULTS

This study used sequence data from the hypervariable region
V4 of the 16S amplicon from ruminal content in 18 dairy
cows. The libraries were generated by means of Nextera kit.
The 250 bp paired-end sequencing reactions were performed
on a MiSeq platform (Illumina, San Diego, CA, United States).
The sequences were processed using the two softwares: QIIME
package version 1.9.1 (Caporaso et al., 2010) and mothur version
1.39.5 (Kozich et al,, 2013). The RA of 16S rRNA gene reads
for each sample and bioinformatics tool was used to infer the
taxonomical composition of the samples, taking into account
the copy number of 16S genes calculated from each tool. Two
reference panels were considered for this purpose: GreenGenes
(GG) database (May 2013 version) and SILVA (release 132). The
detailed pipeline from each software is shown in Figure 1.

After filtering and chimera removal, both tools used a similar
number of sequences to cluster (P > 0.05), regardless the database
used. In average, QIIME left 54,544 reads (SD = 9,041) per
animal, whereas mothur worked with 53,790 reads per sample
(SD = 7,709). However, mothur clustered these sequences in a
larger number of OTUs regardless the database (Figure 2). Using
QIIME with GG as reference database kept the lowest number of
OTUs for classification.

Taxonomical Richness

The performance of each tool was evaluated by looking at
the assignment of individual OTUs and the number of genera
classified. The RA of genera in each sample was calculated after
excluding those genera that appeared at RA < 0.1% across all
samples.

Figure 3 shows the rarefaction curves from each tool. Mothur
detected a larger number of OTUs (Figures 3A,B) and also of
microbial taxa at the genus level (Figures 3C,D) (P < 0.01) in
the samples than QIIME using both GG and SILVA databases.
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Opposite, QIIME classified a larger number of genera after
filtering by RA > 0.1% (Table 1). Most of the additional genera
encountered by mothur were in very low abundance.

Classification

GreenGenes

On average, mothur clustered a significantly (P < 0.001)
higher number of OTUs per sample than QIIME. In average
per sample, QIIME could not assign 61% (SD = 2.7) of
clustered OTUs to a known genus, considering known every
genus not named as “unclassified,” “uncultured,” “ambiguous,’
“unidentified,” “unknown,” or null, whereas mothur could not
assign a larger proportion (67%, SD = 2.5) of OTUs. QIIME
was less restrictive at assigning OTU to genus level (P < 0.001),
which might be related with the higher initial number of OTUs
clustered by mothur, as we mentioned before. With this database,
mothur identified a total of 29 different genera appearing in more
than one sample, whereas QIIME assigned 24. Twenty three of
these genera were common to both pipelines. The former aligned
sequence data to six additional known genera, although most
of them appeared in an average RA lower than 0.5%. Three
out of these six genera had low representativeness, appearing
in less than four out of 18 samples. On the other hand, the
only QIIME-exclusive genus, Bacillus, had a low average RA and
low representativeness, appearing only in three samples. Table 1
shows the average RA of genera assigned by one or both tools,
highlighting that reads that were assigned to a known genus by

only one of the tools appeared in very low RA. Both tools were
capable of assigning around 99% of reads to any known taxonomy
rank belonging to either bacteria or archaea kingdoms.

A scatter plot of the RA estimated by each tool for each
genus within sample are shown in Figure 4. A strong Pearson
correlation (0.996; P < 0.001) was found between RA obtained
from each tool. Although some small variability can be seen
for some samples, there were not statistical differences in the
overall RA between tools (P > 0.05). However, this disagreement
was more evident for microorganisms at RA < 10%, for which
significant differences were found between both tools (P < 0.05),
and these differences were even higher at RA < 1% (P < 0.01),
and the regression coefficient of RA from QIIME on RA from
mothur differed from one, becoming even lower when subsetting
the RA dataset (Table 2).

SILVA

Mothur also clustered a significantly higher number of OTUs
in known taxa than QIIME (P < 0.001) when SILVA was the
reference database even though mothur filtered out a larger
number of reads, but the differences were more attenuated than
using GG. These OTUs from mothur were nonetheless classified
into a lower number of known taxa than using QIIME (Table 1).
Both tools identified a total of 52 known genera. Mothur aligned
sequence data to three additional exclusive known genera that
appeared in more than 1 sample, and QIIME identified 13 genera
that did not appeared in mothur. With SILVA as database, mothur
could not assign an average of 36.1% per sample (SD = 1.37)
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TABLE 1 | Total of genera (N) and its average relative abundance (standard deviation within brackets) assigned by each tool (only by QIME, only by mothur or by both).

Reference database Total genera assigned

Relative abundance

QIIME Mothur Mothur and QIIME QIIME Mothur Mothur and QIIME
GreenGenes 1 6 23 0.19 (! 2.89 (9.67) 2.60 (8.30)
SILVA 13 52 0.28 (0.13) 1.90 (6.51) 1.79 (5.67)

Results from each reference data set are presented separately. 'No standard deviation calculated with n = 1.

Correlation plot - database: GreenGenes
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FIGURE 4 | Relative abundance of the different microorganisms (by genera) detected by QIIME and mothur within the 18 samples using GreenGenes as reference
data set. The subset shows the correlation between data with QIME RA < 1%. Points represent individual RA within each sample.

of clustered OTUs to a known genus, but with QIIME only
9.1% (SD = 1.36) of OTUs were not assigned to known genera.
Thus, mothur appeared to be much more restrictive (P < 0.001)
at assigning OTUs to genus level when SILVA was used as the
reference database.

Figure 5 shows a scatter plot of the RA estimated by each
tool. As in the previous case for GG, a strong correlation
(0.996; P < 0.001) was found between RA obtained from each
tool. However, the regression coefficient of RA from QIIME
on RA from mothur deviated from 1 at RAs < 10%, although
smaller differences were observed compared to GG (Table 2).
This suggests that mothur detects larger RA of microbes that are
present in lower proportion in the rumen.

In summary, both tools were able to classify microorganism
from the following genus: Prevotella, Butyrivibrio, Succinic-
lasticum, Methanobrevibacter, Treponema, Bifidobacterium,
Pseudobutyrivibrio, Ruminococcus, Mogibacterium, Lachnospira,
Acetobacter, Methanosphaera and Desulfovibrio, regardless the
database. In addition, other microbes were not identified

to genus level, but as members of Lachnospiraceae and
Ruminococcaceae families, regardless the database. The OTUs
unable to be classified by QIIME at the genus level were
from the Paraprevotellaceae, Coriobacteriaceae, Prevotellaceae,
and Succinivibrionaceae families when GG was used as the
reference database and from the Christensenellaceae family
when SILVA was used as the reference dataset. The OTUs
that were not assigned to a genus level by mothur belonged to
Enterobacteriaceae and Spirochaetaceae families using GG, and to
Bacillaceae, Enterobacteriaceae, Erysipelotrichaceae, Family_XIII,
Prevotellaceae, and Spirochaetaceae families using SILVA. Also,
members from Bacteroidetes, Firmicutes, and Proteobacteria
phyla were not assigned to family level when using mothur,
regardless the database.

The genera that were identified exclusively by either mothur
or QIIME are shown in Table 3. This table includes the reference
database they were detected with, and previous studies reporting
these microbes in rumen microbiota. Other genera were classified
by both tools, but not for both databases. Among those with
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TABLE 2 | Regression (slope and regression coefficient estimates) of the relative
abundance from QIIME on the relative abundance from mothur using GreenGenes
or SILVA as reference data set.

GreenGenes SILVA
Reference population Coefficient R? Coefficient R2
All 1.10%* 0.90%* 1.14%* 0.98**
Relative abundance < 10% 0.50** 0.31** 0.86** 0.84**
Relative abundance < 1% —0.03** 0.05** 0.12%* 0.14**

**P < 0.001.

RA > 0.5% we found YRC22 and Clostridium when GG was the
reference database, and Acetitomaculum, Saccharofermentans,
Schwartzia, Candidatus_Saccharimonas and some groups from
families Ruminococcaceae, Christensenellaceae, Rickenellaceae,
Lachnospiraceae, and Prevotellaceae when SILVA was used. Five
taxa were identified for any combination of tool and database
that have not been reported in rumen so far: Eubacterium hallii
group, Eubacterium_nodatum_group, Ruminococcaceae UCG-
011, Ruminococcus gauvreanii group, and Prevotella P9.

Diversity

Beta-diversity was calculated to investigate the dissimilarity
between rumen microbiotas within tool. Results clearly clustered
by software at taxonomical levels of genus, family and Phylum,
regardless the reference database used (Figure 6). This figure

also shows that the dissimilarities between samples were larger
between than within software at lower taxonomic levels (genus
and family), whereas distances at the phylum level were similar
between and within software.

Computation requirements were not reported here as they
greatly depend on the computational strategy applied in
terms of parallelization, available number of cores, and the
bioinformatician’s creativity to design more efficient pipelines.

DISCUSSION

The results of this study support previous research showing
differences between bioinformatics tools analyzing 16S
rRNA amplicons. The number of OTUs and the taxonomic
classification resulted thereof was compared between mothur
and QIIME.

The results herein show that the final number of taxa and
their overall RAs are not statistically different between tools
using SILVA as reference database, but beta-diversity between
samples clustered together by software used. Mothur worked
with a larger number of OTUs, and these were classified into
a larger number of genera than by QIIME when GG was
the reference database. Plummer and Twin (2015) showed
larger richness (total number of different genera) using QIIME
compared to mothur, using the same reference database for
alignment, although they used human preterm gut samples.

Correlation plot - database: SILVA
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FIGURE 5 | Relative abundance of the different microorganisms (by genera) detected by QIIME and mothur within the 18 samples using SILVA as reference data set.
The subset shows the correlation between data with QIIME RA < 1%. Points represent individual RA within each sample.
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TABLE 3 | Genera identified exclusively by mothur or QIIME, their function or activity in the rumen (if known), the reference database it was identified from, and

information source or reference.

Genus Function/activity in rumen Reference database Tool Previous source(s)
p-75-a5 Detected in ruminal liquid fraction GreenGenes mothur Jewell et al., 2015
SHD-231 Detected in rumen. Reduced in diets GreenGenes mothur de Carvalho et al., 2017
containing linseed diets
Lachnospira bacterium FD2005 Detected in rumen SILVA mothur Azevedo et al., 2015.
Papillibacter Detected in rumen. Cellulose- degrading SILVA mothur Zhang et al., 2014
bacteria
Ruminococcus Cellulolytic bacteria SILVA QIME Wallace et al., 2015.
Bacillus Amylolytic bacterium GreenGenes, SILVA QIME Gallo et al., 2016
Eubacterium_ cellulosolvens_group Fibrolytic (Sika deer) SILVA QIME Lietal, 2013
Detected in sheep rumen Azevedo et al., 2015
Eubacterium_coprosta noligenes_group Detected in rumen SILVA QIME Tong et al., 2018
Popova et al., 2017
Eubacterium_ ruminantium_group Present in rumen with an appropriate balance SILVA QIME Abdelmegeid et al., 2018
of degradable protein and carbohydrates
Eubacterium_ ventriosum_group Present in forestomach (Alpacas and Sheep) SILVA QIME Abdelmegeid et al., 2018
Lachnospiraceae_ NK4A136_group Detected in rumen SILVA QIME Azevedo et al., 2015
Roseburia Adherent bacteria community involved in SILVA QIME Huws et al., 2016

plant degradation

Ordination plots for both reference databases at different taxonomic ranks
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FIGURE 6 | Two first dimensions of a non-metric multidimensional scaling for samples analyzed with mothur (red dots) or QIIME (blue dots) using either SILVA
(above) or GreenGenes (below) as the reference dataset at the genus, family, and phylum taxonomical levels.

the implemented pipeline/program strongly influences diversity
results, but database should also be considered in microbiota
analysis. Therefore, it must be pointed out that comparison
between pipelines in terms of number of OTUs must be done

They also showed statistical differences between tools on the
comparison for diversity within samples. Our results show that
using more updated SILVA releases mitigated these differences
in terms of richness and diversity, suggesting that not only
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within database, and in terms of number of OTUs remaining for
classification. It is also worth to highlight that in the current study
both pipelines utilize a reference database for chimera filtering
as well as a differentiated OTU labeling, making the comparison
for raw OTUs unfeasible. Analyzing OTUs instead of taxonomical
levels might be of interest in some circumstances. The results at
the taxa level showed differences between tools and databases,
which may be extended at the more specific level of OTUs.

It must be pointed out that the objective of this study was
not to determine what tool provides a more accurate picture of
the true microbiota composition, since the latter is unknown in
cultivated rumen samples. There is no gold standard microbiota
with known composition as many of the microbes in the rumen
cannot be isolated or have not been yet cultivated. Sequencing
the 16S rRNA gene poses the limitation that closely related
microbes can be indistinguishable as they harbor almost identical
sequences at this amplicon, and the different tools handle these
drawbacks differently. A favorable pipeline should maximize
sensitivity with a minimum impair in specificity. According
our results, we infer that mothur provides higher diversity
than QIIME regardless the reference database. There were five
taxonomy groups detected in our study that have not been
reported in rumen microbiota before. The rumen microbiota is
largely underrepresented in databases and most of them have not
been cultured yet (Stewart et al., 2018). Therefore, we consider
that these groups of microorganisms might be considered as new
candidates, although it must be corroborated in future studies
through deep sequencing analysis or culture isolation. If they are
true positive, they may be potential candidates to create mock
communities to challenge bioinformatics tools. Lindgreen et al.
(2016) showed low sensitivity scores and an impaired prediction
performance with QIIME using a benchmark metagenome.
However, as noted by these authors, QIIME uses custom
databases that only contain specific marker sequences such
as 16S rRNA. Therefore, performance of QIIME in whole
metagenome analyses cannot be extrapolated to 16S or 18S
amplicons studies. In addition, mothur was not used in such a
study.

There are two main differences between mothur and QIIME:
the OTU clustering algorithm and the algorithm for taxonomic
classification. The alignment and clustering processes differ
between software, as well as the chimera detection. Mothur
handles the taxonomic classification using a naive Bayesian
classifier using a pseudo-bootstrapping to generate a confidence
score, which must be over 80% to assign a read to a given
taxonomy (Wang et al., 2007). QIIME uses the usearch algorithm
to find the closest match in a reference data base (Edgar,
2010), which has been reported problematic at identifying the
closest reference because it is sensitive to the order of the
reference sequences as they can be identical over the region
being considered (Westcott and Schloss, 2015). Usearch shows a
high level of sensitivity to detect reference sequences, however,
the specificity of those matches was poor relative to the true
best match. High error rates have been previously reported
with GG, and could be substantially improved by randomizing
the sequences (Westcott and Schloss, 2015). Further the poorly
GreenGenes-aligned sequences artificially increases the distances

between sequences, which may also impair the accuracy of the
classification. QIIME uses a closed reference pick up strategy
in a single step, which implies some difficulties at disentangling
all dissimilarities with mothur. The way mothur is implemented
here resembles a pseudo open-reference pick up, because there
were a previous step of chimera filtering and a known reference
database was used for classification. These arguments might
explain the poorest performance of QIIME in our data set when
GG was used as the reference data set.

This is a proof of principle analysis showing how the
choice of bioinformatics pipeline and the reference data set
can impact the analysis of 16S rRNA gene sequencing data
from rumen microbiotas. Nonetheless, the bio-informatics tools
could perform differently in samples from different sites as
different body parts may host different taxonomic composition,
making the algorithms more or less efficient at detecting the true
composition.

In the light of the results obtained in this study we can
conclude that the impact of the tool is relatively small in terms
of richness as a more updated and comprehensive reference
database is used. SILVA seems to be a preferred reference data
set as a larger number of different genera were identified, and
more consistent results were obtained between tools. SILVA is
a more updated database, whereas GG has not been updated
since 2013. However, differences were detected in terms of
beta-diversity, and differences between pipelines were obtained
for microbes in lower abundances, yet belonging to the core
microbiome. In this sense, mothur showed larger sensitivity
at detecting microorganisms that can potentially populate the
cow rumen. This may be important, as differences in the RA
of less frequent groups of microbes may be relevant. These
differences affect the microbiota similarity between samples or
individuals. In turn, this would affect the phenotypic variance
of a complex trait explained by the microbiota using mixed
models that accounted for the microbiota composition as a
random effect with a covariance structure given by these
similarities between samples. Performance of mixed model
methodology under Best Linear Unbiased Prediction or any other
Reproducing Kernel Hilbert Space scenario greatly depends on
the structure of the covariance or kernel matrix used as reported
in Gonzalez-Recio et al. (2009, 2014b). Incorrect or improper
microbiotas similarity matrices might bias the proportion of
variance explained by the microbiota or genetic correlation
estimates between host genome and its metagenome. Up to the
best of our knowledge, there is no proof of concept to determine
what tool provides a more suitable similarity matrix. The degree
of aimed microbiota specificity may affect the choice of the
pipeline. Mock communities that mimic the true composition
of rumen microbiota are not yet available. This study also
highlights the necessity to create benchmark samples with a
known composition of cultivated ruminal microorganisms to
evaluate different bioinformatics tools, as well as the convenience
of including more rumen specific communities into the gene
databases. In this sense, those mock samples could include the
genera that have been detected by only one of the tools (Table 3).
Moreover, It must be consider that the samples used in this
study combined the four possible ruminal fractions and the RAs
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in the samples might differ from the true composition in the
rumen. Nonetheless, this is not expected to affect the comparison
between pipelines.

MATERIALS AND METHODS

This study was carried out in accordance with Spanish
Royal Decree 53/2013 for the protection of animals used for
experimental and other scientific purposes. An ethics committee
was not necessary in this case because it was conducted
on pre-existing data from a previous trial based on routine
management practices in commercial farms. Data used in this
study were described in Gonzalez-Recio et al. (2018). In brief,
samples were obtained from ruminal content from 18 cows
from 2 breeds (10 Holstein and 8 Brown Swiss) allocated in
the Fraisoro Farm School (Zizurkil, Gipuzkoa, Spain). Ruminal
samples were collected from each dairy cow using a stomach
tube connected to a mechanical pumping unit. About 100 ml
of each ruminal extraction were placed into a container and
were frozen immediately after the extraction and then stored
at —20 £ 5°C until analysis. Samples were gradually thawed
overnight at refrigeration (5 & 3°C) and squeezed through four
layers of sterile cheesecloth to separate solid (solids with a particle
size smaller than the diameter of the sampling tube) from liquid
digesta phases. This latter phase was subsequently separated
into planktonic organisms and bacteria associated with the
liquid fraction. The solid phase was separated in associated and
adherent fractions. Fractionation procedures were carried out
following the methodology described in Yu and Foster (2005).
The four fractions were lyophilized and combined to obtain a
unique sample with the four fractions represented proportionally
(on dry matter basis).

After composition, DNA extraction was performed using
the commercial Power Soil DNA Isolation kit (Mo Bio
Laboratories, Inc., Carlsbad, CA, United States) following
manufacturer’s instructions. The extracted DNA was subjected
to paired-end Illumina sequencing of the V4 hypervariable
region of the 16S rRNA. Universal bacterial 16S rRNA gene
primers (515F: 5-GTGCCAGCMGCCGCGGTAA-3' and 806R:
5'-GGACTACHVHHHTWTCTAAT-3" (Caporaso et al., 2011)
were used to generate the bacterial amplicon libraries (expected
amplicon size 250 bp). The libraries were generated by means
of Nextera kit. The 250 bp paired-end sequencing reactions
were performed on a MiSeq platform (Illumina, San Diego, CA,
United States). Data are publicly available at http://www.ebi.ac.
uk/ena/data/view/PRJEB26635.

Sequences were pre-processed using Trimmomatic tool (v
0.36) (Bolger et al., 2014). Sequences below 220 bp in length and
average quality score below 30 on a window of 20 bases were
discarded. In total, 3,261,168 reads were analyzed. The remaining
sequence data were then processed using the two softwares:
QIIME package version 1.9.1 (Caporaso et al., 2010) and mothur
version 1.39.5 (Schloss et al., 2009; Kozich et al., 2013). In
the case of QIIME, forward and backward reads were joined
with join_paired_ends.py. Chimeras were identified and filtered
using usearch method (Rognes et al., 2016). Finally, the tool

was used to pick closed-reference OTUs from the GreenGenes
database (May 2013 version) or SILVA database (Quast et al.,
2013)" (release 132) and representative sequences with a 99%
of similarity were kept. The pipeline for mothur also began
by joining forward and backward reads. Chimeras and unique
sequences were removed using UCHIME (Edgar et al., 2011).
Sequences were then preclustered, and finally classified using
the default method (naive Bayesian classifier; Wang et al., 2007)
on classify.seqs(), with the same cut-off for sequence identity
and reference databases as above. OTUs were summarized at
phylum, class, order, family, and genus. Phylogenetic groups with
an abundance lower than 0.1% in all samples were excluded from
the final analyses. The pipelines used can be found in a git-hub
repository?.

All statistical analyses were performed in R v3.5.1 (R Core
Team, 2015). When Pearson correlation was calculated, the
statistical significance was tested using the cor.test() command
from the base package.

Filtering and Chimera Removal
Differences in the number of sequences left after chimera removal
from each tool (mothur vs. QIIME) was computed using a least
squared mean regression.

The linear model was:

y=n+xB+e

where y was the vector of the number of reads left for
each sample after filtering and chimera removal with either
mothur or QIIME (n = 2 x 18), i is the intercept, x is the
incidence vector assigning each record to the corresponding
tool (mothur vs. QIIME), B is the coefficient estimate, and e
is the vector of residuals assumed to be independently and
identically normally distributed. The level of significance was set
to a = 0.05.

Richness and Relative Abundance

Differences between mothur vs. QIIME were computed using
a simple generalized linear model. Sequence reads from each
sample (n = 18) were analyzed with the mothur or QIIME
pipelines, and using either SILVA or GG databases. The statistical
analysis for the resulting richness and RAs were computed within
database as follows:

y=nt+xB+e

where y was the vector of number of microbial taxa at the
genus level (or their RA) assigned either with mothur or
QIIME (n = 2 x 18) using GG, p is the intercept, x is the
incidence vector assigning each record to the corresponding
tool (mothur vs. QIIME), B is the coeflicient estimate, and e
is the vector of residuals assumed to be independently and
identically normally distributed. The level of significance was set
toa =0.05.

'http://www.arb-silva.de

Zhttps://github.com/alopgar/16S-analysis/tree/master/16S-mothur-and-QIIME-
pipeline-comparison

Frontiers in Microbiology | www.frontiersin.org

December 2018 | Volume 9 | Article 3010



Lépez-Garcia et al.

Mothur vs. QIME Ruminal 16S Analysis

Further, the same statistical analysis was performed using the
RAs obtained with SILVA as the reference data base.

Similarly, the number of unclassified reads from each tool
within reference database were analyzed using the same model
as above.

Dissimilarity Matrix and Principal

Component Analyses

Non-metric multidimensional scaling (nMDS) was performed to
explore the ruminal community structure, using the phyloseq
package (v 1.24.2). The ordinate function was used to estimate
dissimilarities using Bray-Curtis distances. Plot_ordination
was used to plot these dissimilarities between mothur and
QIIME pipelines with either SILVA or GreenGenes as the
reference databases, grouping taxa by genus, family, and phylum
levels.
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Abstract

Background

Phenotypic variability for productive and meat quality traits has been largely studied in Ibe-
rian pigs, especially in genetic selection and nutritional experiments. Complex interactions
among genetic background, diet composition and gut microbiota hinder the correct assess-
ment of each factor’s contribution on phenotypes. In order to disentangle these interactions,
we evaluated changes in gut microbiota composition comparing 48 Iberian and Duroc pigs
fed diets with different energy source (standard diet with carbohydrates vs sunflower oil-
enriched diet with high oleic acid content).

Results

A higher richness was observed for Iberian pigs (p < 0.05) and compositional analysis
was applied for beta-diversity, differential abundance and pairwise log-ratio analyses.
We found significant differences in overall microbiota composition between breeds, and
also between diets inside breeds, to a lesser extent. Differential abundance analysis
revealed that Duroc animals have more proportion of Actinobacteria and Prevotella,
while Iberian replace those microorganisms with other more variable taxa. According to
dietary differences, high-oleic fed animals were richer in Prevotella. We also found
microbial ratios capable of separating animals by breeds and diets, mostly related to
Actinobacteria.

Conclusion

This study reveals that both genetic background and diet composition might have a relevant
impact in gut microbiota composition. The application of compositional data analysis has
facilitated the identification of microorganisms and ratios as possibly related to metabolic
changes due to genetic background and, to a lower extent, to dietary changes. This may
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lead to a relevant progress in the knowledge of interactions between pig genetics, environ-
ment and gut microbiota.

Introduction

The contribution of Spanish pig production to worldwide pork market is meaningful. Accord-
ing to FAOSTAT, Spain produces almost 4% of worldwide swine meat, being the fourth pro-
ducer, and the second one inside EU, with a 19% of communal production, after Germany.
One of the most eye-catching contribution of Spanish pig production to international markets
comes from Iberian pig, a local breed whose high-quality final products are much appreciated.
In fact, Spain ranks as the third country in lard and ham exportations (data from 2018) [1],
with a crucial contribution of dry-cured Iberian ham. The high value of this product is due to
the unique organoleptic properties conferred by Iberian pig genetic, phenotypic and produc-
tion particularities. This rustic and lowly-prolific local breed has been traditionally raised
under a semi-extensive production system in the “Dehesa” ecosystems, taking advantage of the
grass and acorn resources available [2]. The combination of their natural high tendency to fat
accumulation and the acorn and grass feeding in the late fattening phase (“Montanera”), con-
fers their final products a unique fatty acid (FA) profile composition and a higher intramuscu-
lar fat (IMF) content than commercial breeds.

The interest in this high-quality market has led to the search and legal regulation of strate-
gies for the improvement of its efficiency and productivity. In this sense, one of the most com-
mon practices nowadays is crossbreeding with Duroc, resulting in a negative impact on final
product composition and quality [3]. Crossbreeding consequences have been largely studied
through different points of view—such as phenotypic traits, meat quality, genetic markers or
gene expression [4-6]. As the high quality of Iberian products has become the flag for the Ibe-
rian pig market to enter international markets, producers keep an interest in improving their
products’ organoleptic attributes through FA profile and IMF content optimization [7, 8],
especially in the recent more intensive production systems. Several strategies such as genetic
selection, handling optimization and diet design, are methods of modifying final product com-
position. Strategies such as dietary FA supplementation are common to enhance these organo-
leptic traits. Genetic, nutrition and nutrigenomic studies have shown the complexity of the
molecular regulation of physiological processes associated to relevant phenotypic traits in Ibe-
rian pig genotypes subjected to different diets [4, 9-11].

Besides, with the advent of new mass-sequencing techniques, alternative ways have been
opened for animal breeding and for in-depth studies of the molecular basis of phenotypic vari-
ability. Microbiota studies have hugely benefitted from these NGS techniques, as culture-free
sequencing allows obtaining a lot more information from microbiome communities. Gut
microbiota has become a key focus in animal breeding industry, as well as in human health,
since gut microbiota and host are linked in a bidirectional way; first, diet composition and
other environmental elements, as well as animal genetics, might modify microbial population
structure [12]; second, microbiota has been reported to have an impact on animal physiology,
on multiple animal productive traits and also on the final products’ quality and composition
[13, 14]. This intricate correlation network makes gut microbiota composition a key factor for
understanding the relationships between genotype, phenotype and environment. As a conse-
quence, it might result obvious that different genetic backgrounds can promote different
microbiota population structures as it has been proven in other studies [15]. For this reason,
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the two main breeds employed in Iberian pig production (Iberian and Duroc) might have dif-
ferences in gut microbiota composition possibly affecting relevant phenotypic traits. Also, die-
tary modification or supplementation strategies such as FA addition might have an impact on
gut microbiota composition, potentially contributing to differences in animal traits, with spe-

cial relevance on final product composition and quality. Understanding all these relationships
and their implications is crucial to comprehend their global effect on animal phenotype.

In this study we compared the gut microbiota composition in pigs from Iberian and Duroc
breeds, fed two different isocaloric and isoproteic diets with different energy sources (oleic
acid vs carbohydrates), in order to dissect the diet and genetic background effects on the gut
microbiota composition, as well as to deepen in the metabolic differences between breeds and
diet groups, potentially mediated by gut microbiota.

Methods
Experimental design and sampling

The experiment was carried out at the experimental facilities of the Instituto Tecnologico
Agrario de Castilla y Leon (ITACYL) Pig Test Center (Hontalbilla, Segovia, Spain). A total of
forty-eight castrated male purebred pigs, 19 Duroc (DU) and 29 Iberian (Torbiscal strain) [16]
(IB), were raised in the same commercial farm (IBERPEX S.L., Guarefia, Badajoz, Spain),
weaned at 28 days old and transferred to the experimental facility one month after weaning.
The animals were kept under identical management conditions, housed in batches of 4 pigs/
pen (1 m” pig™), with a concrete floor and straw bedding. Temperature was controlled at a
mean of 23.8 °C throughout the experiment. At 70 days old (+2 days) and with a mean body
weight of 19.7 + 3.6 kg, both breeds were distributed in two different experimental groups with
a factorial 2x2 design, and fed a control commercial diet with carbohydrates as energy source
(C) (9 DU and 13 IB) or a sunflower oil-enriched diet with high oleic acid content (6%) (O)
(10 DU and 16 IB) (Initial weights per group: 17.3 + 2.1 kg BW in DU-C; 17.3 £ 3.5 kg BW in
DU-O; 20.5 + 2.8 kg BW in IB-C; 22.0 + 3.5 kg BW in IB-O, these differences not being statisti-
cally significant). Both diets were formulated according to FEDNA nutritional guidelines
(2006) using the Brill Formulation software (Brill Co., Georgia, USA) to be isocaloric and iso-
proteic (3.3 kcal digestible energy and 15.6% crude protein) (S1 File) and were provided ad
libitum. Diets were provided for 47 days, until animals reached 50.4 + 7.8 kg BW (Final
weights per group: 53.2 + 6.4 kg BW in DU-C; 49.0 £ 10.8 kg BW in DU-O; 48.7 + 7.4 kg BW
in IB-C; 51.3 + 6.8 kg BW in IB-O, these differences not being statistically significant). Fresh
water was provided ad libitum, with two drinking troughs available in each pen.

Animals were slaughtered in the same experimental facilities at the end of treatment, at 117
days old (+2 days), and individual stool samples were then collected from rectum and rapidly
frozen on liquid N, and preserved at -80°C until its use for microbiome analysis. All experi-
ments were performed in accordance with the regulations of the Spanish Policy for Protection
of Animals employed in Research and other scientific purposes RD53/2013, which meet the
European Union Directive 2010/63/EU on the protection of animals used in experimentation.
The project was approved on March 20, 2015, by the Comunidad de Madrid animal welfare
and protection committee (reference number PROEX-007/15).

DNA extraction and 16S sequencing

Microbiota DNA was extracted from the 48 stool samples using QIAamp PowerFecal ® kit
(QIAGEN, Hilden, Germany) according to manufacturer’s standard protocol. Illumina
MiSeq"™ paired-end sequencing protocol (Illumina, San Diego, CA, USA) was performed by
an external service (FISABIO bioinformatics, Valencia, Spain) targeting 16S rRNA gene
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V3-V4 amplicon. The employed primers were S-D-Bact-0341-b-S-17 and S-D-Bact-0785-a-A-
21 [17], which produce amplicons of 464 bp. Raw microbial sequence data have been uploaded
to the ENA repository and are available at https://www.ebi.ac.uk/ena/browser/view/
PRJEB42303.

Sequence processing pipeline

Raw reads were pre-processed using Prinseq-lite tool [18] and in-house software. After trim-
ming low quality bases in each read, sequences shorter than 50 bp and with an average quality
score below 30 on a window of 20 bases were discarded. After joining forward and reverse
files, a total amount of 11,599,350 reads were processed using Quantitative Insights Into
Microbial Ecology (QIIME) version 1.9.1 [19] into operational taxonomic units (OTUs), fol-
lowing the de novo OTU-picking approach, with a clustering threshold of 97% identity. Chi-
meras were filtered using USEARCH algorithm (v. 6.1) [20]. SILVA reference database
(release 132) [21] was used for taxonomic assignment and chimera filtering. An OTU abun-
dance threshold of 0.005% was established for final quality-filtering, as described in Bokulich
et al. [22]. Processed OTU table was composed by 9,428,777 reads from 1,398 OTUs.

Finally, two additional processing steps were performed: a taxonomy filtering, excluding
OTUs not assigned to Bacteria at kingdom level in the taxonomic classification, as used prim-
ers are designed for bacterial amplicons; and a sample pruning, removing those with sequenc-
ing depth lower than 30k total reads, which eliminated one sample for the IB-O group. The
final OTU table was composed by 9,162,809 reads from 1,246 OTUs and 47 samples.

Microbial community analysis

All analyses were performed in R, using the following packages: ALDEx2 [23], DESeq2 [24],
easyCODA [25], limma [26], mixOmics [27], phyloseq [28], vegan [29] and zCompositions
[30]. Microbiota composition was compared between breed-diet animal pens. Three different
approaches were then followed to analyse microbiome composition:

Alpha-diversity. For this approach, OTU table was rarefied to minimum sample depth
(30,136 reads). Four alpha-diversity measures were calculated: observed richness, Chaol
index, Shannon index and Inverse-Simpson index, using the function estimate_richness from
phyloseq. ANOVA for each alpha-diversity measure was carried out following this model:

aijk:ﬂer,.erjerd,.jJreijk

Being o the alpha-diversity index for each sample, b the breed effect (with i = 2 levels), d the
diet effect (with j = 2 levels) and bd the interaction of both effects.

Data transformation: Compositional data analysis. Most of the statistical analysis were
made taking into account the compositional nature of microbiome data [31]. For the composi-
tional approach our non-rarefied dataset was processed following a number of steps as defined
by [32]: (1) Zero-counts imputing by Geometric Bayesian Multiplicative replacement; (2) Data
closure computed to the total counts per sample; (3) Weighted centred log-ratio (CLR) trans-
formation. This process moves the data to an additive scale, which makes the performance of
multivariate hypothesis testing easier. The analysis was repeated glomming the dataset to
OTU, genus, family and phylum levels. R packages zCompositions and easyCODA were used
for this transformation.

Beta-diversity. Beta-diversity was computed using a compositional Principal Component
Analysis (i.e., PCA after CLR transformation of the data). For a better visualization of the
behaviour of both breed and diet effects, a mixed “breed-diet” factor was considered as PCA
grouping variable. The distance matrix was built using Aitchison distance measure, which is
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the Euclidean distance after CLR transformation. Individual beta-diversities were calculated as
the distance to centroid for groups from mixed “breed-diet” effect (using vegan::betadisper).
Homogeneity of dispersions respect to the group centroids was measured through ANOVA-
like permutation test (vegan::permutest) and post-hoc Tukey HSD test. For testing the signifi-
cance of multivariate effects in our a priori groups, non-parametric permutational multivariate
analysis of variance (PERMANOVA) [33, 34] was performed using adonis2 function from
vegan package with this model:

Dij:y—l—bi—i—d].—i—bdij—i-eij

The additive model applied was built sequentially adding breed (b;; i = [1,2]) and diet (d; j
= [1,2]) factors and their interactions (bd;;). The Aitchison distance matrix (D) was used as
dependent variable.

Differential abundance analysis

Differential abundance analysis was carried out using both DESeq2 and ALDEx2 R packages.
Default DESeq2 normalization by estimation of size factors as the median ratio of counts [35]
and negative binomial GLM fitting with Wald significance tests were performed. Differences
between breeds and between diets were analysed in separate models correcting by the other
factor. Interactions between factors were also evaluated with an additional model (Table 1). P-
values were corrected for multiple testing through Benjamini-Hochberg method. Significantly
differentially abundant (DA) OTUs were considered with a false discovery rate (FDR) cut-off
of 0.05 and a fold-change (FC) higher than 1.5 or lower than -1.5 (i.e., [log2FC| > 0.59).

Input for ALDExX2 analysis was prepared as the CLR-transformed posterior distribution of
the data generated by 128 Monte Carlo samples from the Dirichlet distribution. CLR transfor-
mation was made through geometric mean of all features’ abundance. Mono-factorial breed
and diet contrasts were performed, using Welch’s t-test. P-values were corrected through Ben-
jamini-Hochberg method. OTUs were considered as significantly differentially abundant
between breeds or diets when corrected p-value was lower than 0.05 and diff.btw (i.e., median
difference in CLR values between factor groups) was higher than 1 or lower than -1. Visualiza-
tion of coincident DA OTUs between contrasts and pipelines was carried out with VennDia-
gram package in R [36].

Pairwise log-ratios analysis

Closured data were also used for another approach, using pairwise log-ratios (p-LR) instead of
centred log-ratios [25], as a way to evaluate individual relationships among OTUs and features
glommed to genus, family and phylum levels. Recursive Partitioning and Regression Trees
(RPART) were generated, including the microorganism pairwise log-ratios most suitable to
split samples according to the breed and diet phenotypic criteria.

Pairwise log-ratios analysis is computationally expensive, as feature combinations produce
matrices much larger than the original, i.e., a m x n matrix (samples x features) would be trans-
formed in a m x n(n — 1)/2 matrix. For this reason, OTU-grouped dataset was size-reduced by

Table 1. DESeq2 differential abundance models for each contrast, with R notation.

Contrast Model design

Breed contrast RA ratio ~ Diet + Breed

Diet contrast RA ratio ~ Breed + Diet

Interaction effects RA ratio ~ Breed + Diet + Breed: Diet

https://doi.org/10.1371/journal.pone.0251804.t001
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selecting a relevant feature subcomposition generated by sparse Partial Least Square Discrimi-
nant Analysis (SPLS-DA) (mixOmics package), using the 4-leveled mixed trait “breed-diet” as
classification factor. Five-fold cross-validation with permutation was used to test the optimal
component structure for the model. In order to generate the subcomposition, OTUs with a
Variable Influence of Projection (VIP) value higher than 1 for each component were selected.
As p-LR analysis keeps subcompositional coherence [25], data subsetting has no significant
effect on the results.

In order to check which microbes were mainly responsible of separation between groups at
each ratio, supplementary differential abundance analyses were made using ALDEx2 (as this
pipeline uses the same methods as for RPART trees building) with phylum, family and genus-
grouped database.

Microbiome-phenotype association

CLR data were also used to detect associations between microbiome and several phenotypic
traits. IMF content was measured in Biceps femoris and Longissimus dorsi. FA profile was ana-
lysed in backfat outer layer (Back) and in ham outer fat layer (Ham). Total FA fractions (satu-
rated, SFA; mono-unsaturated, MUFA; and poly-unsaturated, PUFA) as well as relevant FA
contents (oleic, C18:1(9); linoleic, C18:2; palmitic, C16:0; and stearic, C18:0) were also mea-
sured, with all quantification methods being described in formerly published studies [11].

PERMANOVA controlling both breed and diet effects was performed for each phenotypic
variable using vegan::adonis2 function, in order to elucidate linear or nonlinear relationships
between samples distribution and each phenotypic trait:

Dy=p+b+d+P+e;

The additive model applied was built sequentially adding breed (b;; i = [1,2]) and diet (d;; j
= [1,2]) factors, and each phenotype (P) was treated as linear regression at the end. The Aitchi-
son distance matrix (D) was used as dependent variable.

Additionally, individual OTU association was addressed using Limma linear regression. To
avoid the influence of the known breed effects on phenotype which could lead to potential spu-
rious associations, both microbiome and phenotypic datasets were split for carrying out inde-
pendent DU and IB microbiome-phenotype analyses. To measure diet weight in correlations,
two methods were carried out: (1) linear regression of each OTU on each phenotypic variable
without diet correction; (2) linear regression of each OTU on the diet regression residuals of
each phenotypic variable. P-values were adjusted using Benjamini-Hochberg method
(adjusted significance threshold set to FDR = 0.05). Representation of associations between
OTUs and phenotypes was addressed through interaction network in Cytoscape software (v.
3.8.1), setting Kamada-Kawai algorithm (Edge-weighted spring embedded layout) [37] for
optimal visualization.

Results

Overall microbiota composition

The overall composition is summarised in Table 2. Our final OTU table was composed by 47
samples, as we pruned one sample with less than 30k reads. As mentioned in methods, we
applied an additional filter removing those reads not assigned to Bacteria kingdom. After this
step, 97.44% of total reads were kept, representing 1,246 OTUs. From this bacteria-classified
fraction, 99.93% reads were assigned to phylum level. A total of 17 phyla were identified. Prev-
alence and abundance of phyla are represented in Fig 1.

PLOS ONE | https://doi.org/10.1371/journal.pone.0251804 May 20, 2021 6/26



PLOS ONE Oleic influence on gut microbiota in Iberian and Duroc pigs

Table 2. Overall microbiota composition.

Kingdom Phylum Class Order Family Genus
% Sequences ! 97.44 99.93 99.91 99.91 97.30 86.70
Classified OTUs 1246 1245 1243 1243 1184 988
Identified taxa 1 17 23 33 48 148

Total OTU number, % of sequences assigned to a known taxon at different ranks and unique taxa found at each rank.
! Proportion of total reads classified to phylum and lower taxonomic levels are calculated relative to the total reads after filtering OTUs not assigned to Bacteria

kingdom.

https://doi.org/10.1371/journal.pone.0251804.t002

The 988 annotated OTUs were classified to 148 different genera, covering 86.7% of total
reads. 20 genera had an average relative abundance (RA) higher than 1%, being Prevotella_9,
Lactobacillus, Prevotellaceae NK3B31 group, Alloprevotella and Treponema_2 the most abun-
dant ones (52 File). Note that SILVA database subdivides some genera according to sequence
clustering, appearing under multiple designations in our database.

On the other hand, 79 genera were present at an average abundance lower than 0.1% (52
File). This fact might be taken into account when interpreting the results, as they might be
poorly represented across the samples (i.e., low prevalence) and/or have a minimum number
of reads per sample (i.e., low coverage). Nonetheless, all the analyses have been performed
including these low-abundance OTUs.

Microbiota composition analysis

Two-way ANOVA for alpha-diversity measures in rarefied data showed no significant differ-
ences between diet groups (C vs O), but all of them (richness: p = 0.021; Chaol index:

p = 0.018; Shannon index: p = 0.008; and Inverse Simpson index: p = 0.002) were significantly
affected by breed, these measures showing higher values in the IB group (Fig 2). No significant
interaction between breed and diet was detected in the ANOVA. Initial average number of
OTUs per sample was 1,046 for DU population and 1,097 for IB population. After rarefaction,
these numbers were corrected to richness values, with an average of 880 in DU and 944 in IB.

Compositional PCA for beta-diversity (Fig 3) showed a high dispersion of the data,
although breed clustering was observed through PC1. Diet clustering can be observed through
PC2, but only when features were analysed at lower taxonomic levels (i.e., genus and OTU lev-
els). Centroid position also revealed that separation between breeds was higher than separation
between diets. At OTU level, centroid distance is maximum for both breed and diet groups.
Individual beta-diversities were calculated as the Euclidean distance to centroids for groups
from mixed “breed-diet” effect. Average individual dispersion within groups was not signifi-
cantly different between groups, except for family and OTU-glommed datasets. At OTU level,
DU-C samples had an average beta-diversity index significantly lower compared to DU-O,
IB-C and IB-O groups, although p-value in DU-C vs IB-C contrast (same diet in different
breeds) was close to 0.05. (Fig 4). At family level, DU-C individual beta-diversities were also
significantly lower than DU-O ones (p = 0.047).

PERMANOVA analysis confirmed that samples from different breeds are significantly dif-
ferent. Differences between diets (corrected by breed effect) are also significant at OTU, genus
and family level, although these differences blur at phylum level (Table 3). Nonetheless, the dif-
ferences between groups are moderate, as 10-12% of variance from our data can be explained
by breed effect, and only 3-7% by diet effect.
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Differential abundance (DA) analysis

Two separate contrasts were made, for breed and diet factors, using an FDR cut-off of 0.05 and
a fold-change minimum threshold of £1.5 (log, FC ~ +0.59) for DESeq2 analysis, and a mini-
mum median difference between CLR values of +1 (diff.btw = +1) for ALDEx2 analysis.

Fig 5 includes volcano plots for both contrasts with DESeq2 and ALDEx2 methods. Both
breed and diet contrasts resulted in more restrictive results with ALDEx2 method. Breed con-
trast shows a higher number of over-abundant (OA) OTUs in IB pigs when done with
DESeq2, while ALDEx2 breed contrast shows a higher number of DU OA OTUs. On the other
hand, O diet presents a higher number of OA OTUs than under-abundant (UA) OTUs, com-
pared to C diet, both with DESeq2 and ALDEx2. With DESeq2 pipeline, 468 DA OTUs from
119 different genera were found for DU vs IB contrast, mostly from Ruminococcaceae, Prevo-
tellaceae and Lachnospiraceae families. On the other hand, 185 DA OTUs from 71 genera were
found between C and O diet groups, predominated by the same families. With ALDEx2, 207
DA OTUs were found for breed contrast, whereas only 18 DA OTUs were found for diet test,
mostly from Prevotellaceae family. Common DA OTUs between pipelines are counted in
Table 4. For breed contrast, the most representative taxa in overlapping DA OTUs was
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Prevotellaceae (mostly Prevotella) (27%), followed by Lachnospiraceae (16%), Ruminococcaceae
(15%) and Veillonellaceae (mostly Megasphaera and Anaerovibrio OTUs) (11%). For diet con-
trast only 18 OTUs were common to both pipelines: 12 were high-oleic OA OTUs from Prevo-
tellaceae (7 of them), Lachnospiraceae, Muribaculaceae and Ruminococcaceae families, while
the remaining 6 high-oleic UA OTUs were 3 Rikenellaceae members and 3 OTUs classified as
Clostridium s.s. 6, Erysipelotrichaceae UCG-004 and Desulfovibrio, respectively. When
exploring DESeq2 results, most of the high-oleic OA OTUs were from the same families, but a
high number of OA Prevotella and Alloprevotella OTUs was detected. Within high-oleic UA
OTUs, a higher variety of families was present, with high representativity of Prevotellaceae,
Ruminococcaceae, Rikenellaceae and Erysipelotrichaceae. Supplementary material with the
complete DA-OTU list for all contrasts is also available (S3 File).

We evaluated coincident DA OTUs among contrasts and methods, as shown in the Venn
diagram (S1 Fig). When comparing DESeq2 with ALDEx2, 151 DA OTUs were coincident in
the breed contrast and 18 coincidences were found in the diet contrast. On the other hand,
when comparing the results obtained for breed and diet effects within the same method, we
detected some coincident OTUs (75 OTUs in DESeq2 and only 1 OTU in ALDEx2). Only one
OTU is common to all four comparisons, the one named as denovo378129, from genus Shuttle-
worthia, which was OA in DU and O groups.

Significant interaction between breed and diet was detected for 26 OTUs (P,q; < 0.05),
most of them being qualitative interactions (Fig 6). Most of these OTUs were members of
Corynebacterium, Lactobacillus and Ruminococcaceae taxa.

Pairwise log-ratio analysis

sPLS-DA for OTU-grouped dataset confirmed a total of 141 relevant OTUs (VIP > 1) as pre-
dictive of the “breed-diet” phenotype. This subcomposition has been used to calculate pairwise
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https://doi.org/10.1371/journal.pone.0251804.9003
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log-ratios at OTU level. For genus, family and phylum grouped datasets, full table has been
used for p-LR calculation. Recursive Partitioning and Regression Trees (RPART) were built
for each p-LR matrix, as shown in Fig 7. We observed that the best classification occurs at fam-
ily level, being the ratios Corynebacteriaceae/Spirochaetaceae (COR/SPR) and Peptostreptococ-
caceae/Streptococcaceae (PEP/STR) the most relevant to classify between breeds.

At phylum level diet differences were not clear inside each breed, as it was observed in beta-
diversity analysis. Actinobacteria/Epsilonbacteraeota ratio was able to separate samples by
breed, being reliable to classify as IB but not as DU, and was not capable of properly separate
diet groups inside each breed.

At family level, three ratios were capable of separating animals in the four”breed-diet”
groups with high precision. As mentioned, COR/SPR and PEP/STR ratios mainly clustered
Iberian and Duroc separately, but also differentiated dietary groups inside the IB breed, while
Atopobiaceael Enterobacteriaceae (ATO/ENT) ratio separated diets within the DU animals.
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Table 3. PERMANOVA statistics.

Breed
Diet

Phylum

Interaction
Breed

Diet
Interaction
Breed

Diet

Family

Genus

Interaction
Breed
Diet

OTU

Interaction

F statistic R? p-value
5.05 0.10 0.0017*
1.44 0.03 0.1776
1.32 0.03 0.2187
5.96 0.11 0.0001*
2.24 0.04 0.0283"
1.51 0.03 0.1247
6.15 0.12 0.0001*
2.55 0.05 0.0118"
1.27 0.02 0.1859
5.39 0.10 0.0001*
3.43 0.07 0.0021*
1.17 0.02 0.2313

F statistic, R* and p-values at different taxonomic levels.

*p < 0.05.

https://doi.org/10.1371/journal.pone.0251804.t003

These ratios are closely related with those responsible of group classification at genus level
(Anaerostipes/Corynebacterium_1 and Family_Peptostreptococcaceae/ Peptococcus), except that
these genera ratios can only discriminate between IB-C, IB-O and DU animals, but no ratio
was able to differentiate diets within DU breed.

In the case of COR/SPR, both ratio components were responsible of variation. ALDEx2 DA
analysis at family level showed that both Corynebacteriaceae and Spirochaetaceae were signifi-
cantly DA between DU and IB groups (IB-UA: diff.btw = -3.23 and IB-OA: diff.btw = 1.13,
respectively) although Corynebacteriaceae reduction in IB is stronger than Spirochaetaceae
increment. As Corynebacteriaceae are Actinobacteria, breed separation at phylum level is
reflected at lower taxonomic levels. Same occurs at the genus decision tree, whose first ratio
Anaerostipes/Corynebacterium_1 was able to differentiate breeds, with Corynebacterium hav-
ing the highest weight, as DA analysis at genus level stated a Corynebacterium_I1 OA in DU
animals genus (dift.btw = -2.78).

The PEP/STR ratio was able to identify IB animals, even separating C and O populations
when accounting also COR/SPR ratio. DA analysis revealed that Peptostreptococcaceae family
was more abundant in DU animals (diff.btw = -1.27), while Streptococcaceae family was not
differentially abundant between breeds. At genus level, Peptococcus abundance played a similar
role, as IB pigs had a higher RA (diff.btw = 1.14).

Asindicated, ATO/ENT ratio was able to distinguish between C and O diets within DU ani-
mals, but only when applied after discriminating IB animals with former ratios (otherwise it
would only discriminate between DU-O and the rest of "breed-diet” groups). Enterobacteria-
ceae were OA in DU animals (diff.btw = -1.92) but no abundance differences were detected
between diet groups.

Finally, the two representative ratios at OTU level (denovo219246/denovo273762 and
denovo277739/denovo351253) were composed by OTUs assigned to Rickenellaceae/ Rumino-
coccaceae families and Peptococcus/Lactobacillus genera, respectively. Additionally,
denovo219246 and denovo277739 appeared as DA between IB and DU animals (first one with
DESeq2 pipeline and second with both DESeq2 and ALDEX2 pipelines), which gave them a
substantial weight in breed differentiation.
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Fig 5. DA volcano plots. Volcano plots of differentially abundant OTUs using DESeq2 (A, B) and ALDEx2 (C, D), for breed (left) and diet (right)
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and Control groups, respectively.

https://doi.org/10.1371/journal.pone.0251804.9005

Association with phenotypic traits

PERMANOVA did not show any significant association between overall microbiota composi-
tion and the analysed phenotypic traits. When the effect of each individual OTU was evaluated

Table 4. DA OTUs by factor and pipeline.

DA OTUs DA genera DA families DA phyla

DESeq2 Duroc vs Iberian 468 119 44 13
Control vs High Oleic 185 71 32 9

ALDEx2 Duroc vs Iberian 207 72 22 6
Control vs High Oleic 18 13 8 3

Overlap Duroc vs Iberian 151 63 20 6
Control vs High Oleic 18 13 8 3

Number of DA OTUs in breed and diet contrasts using DESeq2 or ALDEx2 pipelines, and common DA OTUs between both pipelines. Number of genera, families and

phyla grouping these OTUs are also shown.

https://doi.org/10.1371/journal.pone.0251804.t004
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https://doi.org/10.1371/journal.pone.0251804.g006

through Limma regression different results were observed for each tested model. Without diet
correction, only one OTU was significantly associated to lipidic traits in DU subset,
denovo283234 (Treponema 2), which was negatively associated to backfat MUFA and oleic
acid content, while, a total of 87 individual OTUs were found as significantly associated to phe-
notypic traits in IB subset (Fig 8). Most of them belonged to Alloprevotella and other Prevotella
groups and were associated to multiple traits. Ruminococcaceae OTUs were positively linked
to oleic acid and negatively linked to palmitic acid proportions in backfat, while Rikenellaceae
OTUs mainly appear negatively associated to oleic acid proportion, affecting in both cases
overall MUFA and SFA proportions. Some relevant OTUs from Shuttleworthia, Lactobacillus
and Corynebacterium genera also appeared associated to FA composition. When diet correc-
tion was applied almost every correlation disappeared, and only one OTU was negatively cor-
related to ham oleic acid proportion in IB subset, denovo37314 (Treponema 2).

Discussion

In this study we explore the composition and disparities of the bacterial fraction of fecal micro-
biota populations between two different pig breeds (Iberian and Duroc) at 117 days old, fed
diets with different energy source (carbohydrates vs. sunflower oil with high oleic acid con-
tent). Phenotypic characterization of these animals has been previously reported by Benitez
et al. (2018) [38]. Briefly, breed effects affected feed intake, fatness and premium cuts’ yield
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https://doi.org/10.1371/journal.pone.0251804.g007

with Iberian animals showing higher feed consumption, thicker backfat and lighter hams, with
no differences in body weight. Regarding diet, differences were observed in FA composition,
as the high-oleic group had higher MUFA and oleic acid, and lower SFA than the control
group.

Overall taxonomic structure revealed Bacteroidetes, Firmicutes and Proteobacteria as the
most abundant phyla, with an important predominance of Prevotellaceae, Lachnospiraceae
and Ruminococcaceae families. Prevotella genus was the most abundant, with an average RA of
30% in Duroc animals and 22% in Iberian animals when considering all SILVA genus-cluster-
ing designations. Prevotella are anaerobic saccharolytic bacteria which produce acetate and
succinate through fermentation [39] and their abundance is highly related to high-fiber long-
term diets [40, 41]. Their presence in fecal microbiota is highly reported in human [42] and
other animals such as ruminants, predominating in rumen microbiota [43-45]. Multiple stud-
ies have shown the dominance of Prevotella in pig gut microbiota [46] as well as their relevance
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in enterotypes [47] or even immune response [48]. Alloprevotella is also one of the most repre-
sentative genus in our data, with an average RA of 4.2% in DU and 11.6% in IB animals. This
genus is also known for its saccharolytic activity [49], although it is less studied than Prevotella
due to its lower abundance in gut communities. Lachnospiraceae and Ruminococcaceae fami-
lies also comprehend well-known polysaccharide fermenters, which in addition participate in
methanogenesis by producing H, and formate as substrates to archaeal communities [50].
Abundance balance of these three families in gut microbiota, through a number of abundance
ratios, might be relevant for host traits related with feed efficiency, metabolism or health. For
instance, Prevotella-to-Bacteroides ratio has been related with weight and fat loss in humans
[51], and Firmicutes-to-Bacteroidetes ratio has been repeatedly associated to fiber metabolism
or obesity in human populations [40, 52] and murine models [53], although there is contro-
versy about these links [54]. Our data support that this core microbiota might also be shared
by other monogastric species along all digestive tract. Similar findings are reported by Crespo-
Piazuelo et al. [55] when analysing gut microbiota in different intestinal regions using the
same IB-C pig population. However, they reported a range of 35 to 41% of Prevotella abun-
dance within all colon regions. These discrepancies must be attributed to different intestinal
region, different genotype and diet of the total animal population studied (colon from IB-C
animals vs rectum from IB and DU fed C and O diets).

The pipeline used for analysing differences between experimental groups included a classic
alpha-diversity evaluation and a compositional approach to beta-diversity. Differential abun-
dance analysis was used to acquire a more specific insight about changes in microbiome
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population structure. DESeq2 is a RNAseq-based, robust and well documented method
broadly used in microbiome DA analyses. However, in recent years the concern about compo-
sitional nature of these data has increased, and some authors remark that RNAseq-based tools
are not accounting for the compositional nature of microbiome data. For this reason, we also
performed differential abundance analysis with ALDEx2 method, an ANOVA-based approach
which accounts for this intrinsic compositionality and has a similar sensitivity than other
methods, also reducing false positive rate near to zero [31]. The most conservative strategy
would be to focus in the overlapping DA OTU set between DESeq2 and ALDEx2, but due to
the restrictive behaviour of ALDEx2 we decided to consider also DESeq2 results for further
exploration. Furthermore, pairwise log-ratio (p-LR) analysis was also used to deepen in com-
position differences, as ratios between OTUs can also be biologically relevant, beyond single
association with OTU RAs. This approach allowed to detect those microorganism pairwise
ratios whose abundances could separate animals by both breed and diet.

Our results revealed an important effect of the host genetic background on the fecal micro-
biota composition, both for bacterial richness and overall composition. Regarding richness, a
higher number of different OTUs is observed in IB pigs, which can also explain the higher val-
ues of Shannon and Simpson indices calculated for this breed. These interesting findings
might be related with the higher rusticity and resilience of Iberian pig breed compared with
other commercial breeds [56], since higher ecological diversity is associated with a better
response to environmental disturbances (response diversity) [57]. Regarding composition,
fecal microbiome resulted more different between breeds than between diets, as PCA sample
distribution, PERMANOVA and DA analyses revealed. DU animals have a higher abundance
of Actinobacteria, specifically from Corynebacterium and Bifidobacterium genera, as well as
multiple Lachnospiraceae (Blautia, Roseburia, Lachnoclostridium, Fusicatenibacter, and Shut-
tleworthia), multiple Prevotellaceae OTUs (mostly Prevotella and Alloprevotella) and other
genera such as Clostridium s.s. 1, Holdemanella, Megasphaera or Succinivibrio, while Iberian
OA OTUs were scarcer and belonged to more diverse taxa (see S3 File for complete OTU list).
As far as we know, no former studies have compared Duroc and Iberian pigs’ microbiota, so
these findings are novel and might be important to define unique microbiome patterns associ-
ated to host genotypes. Still, gut microbiota contrasts between Duroc, Landrace and Large
White pigs also revealed a higher presence of Prevotella in Duroc animals [15].

Focusing on Actinobacteria, we specifically found a higher abundance of Bifidobacterium
and Corynebacterium in DU animals. Bifidobacterium are well known anaerobic lactic acid
producer bacteria [58] whose abundance in fecal microbiota has been reported as negatively
correlated with pig age, being more abundant at early life stages [59]. The transition from
weaning to adult cereal-based diet is a key factor in the replacement of these early-colonizers
by other microorganisms such as Prevotella, Roseburia or Succinivibrio, more typical of adult
fecal microbiota [48]. Only one Bifidobacterium OTU was present in our data, presenting low
abundance (mean RA = 0.01%) and majorly absent in IB animals. This might indicate a slower
replacement of weaning to adult microbiota in DU pigs, which might as well be related to their
lower alpha-diversity. Corynebacterium includes a wide variety of gram-positive aerobic and
facultative species, some of them being fermentative organisms with special relevance in
amino acid biosynthesis pathways, such as those of lysine or histidine [60, 61]. Lower protein
deposition rates have been reported in Iberian pigs, compared to other commercial breeds
[62]. In agreement, our Duroc pigs showed higher muscle deposition, as lower fat and higher
ham yield was observed with similar body weight respect to Iberian pigs [38]. Thus, Coryne-
bacterium might be contributing to a differential protein synthesis and degradation balance,
through a differential bioavailability of essential amino acids in the gut, thus, their abundance
could be correlated to animal protein deposition.
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Differential abundance of other groups might as well be related with richness and resilience
of Iberian pigs. In this sense, the lower abundance of Shigella-Escherichia in IB pigs might be
related with the previously reported increase of microbial diversity, as a higher alpha-diversity
has been associated to the prevention in the establishment of pathogenic microbes such as
Enterobacteriaceae. However, this association has only been described in humans [40] and our
data do not confirm this finding. Likewise, the mentioned increment in richness seems to be
related with the lower abundance of multiple Prevotella OTUs in IB pigs, as it happens when
comparing C and O diets. Treponema DA OTUs, which are virtually absent in Duroc animals,
appear as moderately abundant in Iberian pigs (RA ~ 1%), thus these fiber-fermenters might
have settled the niche that Prevotella left. Finally, we detected an abundance opposition
between Prevotella and Treponema taxa: we found a number of Prevotella OTUs with high RA
being over-abundant in DU animals, while several Treponema OTUs were over-abundant in
IB animals. As described by Crespo-Piazuelo et al. [55], this might suggest a competition for
dietary fibre.

The diet effect on microbiome appears masked by the breed influence, but its impact on
microbiome structure is also noticeable, since PERMANOV A revealed significant differences
in distances between samples from different diets in relation to distances within each diet. It
must be pointed out that O diet had a higher fiber content than C diet, as it was formulated to
be isoenergetic in relation to C diet. This fact might be related to the greater presence of Prevo-
tella and kindred taxa in O animals, since fiber content has already been linked to gut micro-
biota changes [63] and Prevotella OTUs have been defined as biomarkers for high-fiber diets
[64]. Generally speaking, high-oleic OA OTUs were rare OTUs (i.e., RA < 0.01% in C group),
while control diet OA OTUs tended to be more common (i.e., RA > 0.01% in C group), mean-
ing that the abundance decrease of common OTUs due to oleic acid and fiber supplementation
results in an abundance increment of marginal OTUs. This fact is supported by our Shannon
index values showing an upward trend in O group compared to C diet, which, in this case,
means a higher overall evenness in O group, as observed richness is not different between
diets.

Regarding the combined effect of breed and diet, no significant interaction was detected
between both factors for alpha and beta-diversity. Nevertheless, PCA showed a slightly differ-
ent separation of C and O centroids within each breed, which could suggest a different
response to diet between Duroc and Iberian microbial communities. Also, within-group dis-
persions revealed a possible variation in diet response based on breed, as DU-O dispersions
tended to be higher than the rest, while DU-C dispersions were the lowest (these differences
being significant at OTU level). Conversely, IB-C and IB-O dispersions were similar and inter-
mediate. The higher dispersion level within DU-O cluster compared to DU-C is coincident
with the increment in alpha-diversity variability detected for this group, especially when
observing richness or Chaol index values, and opposes to the sample homogeneity within
DU-C. In contrast, IB-O animals did not show different alpha-diversity mean or dispersion
values compared to IB-C. Thus, it can be hypothesised that Duroc animals might respond in a
more heterogeneous way to dietary oleic acid increment.

We found a unique OTU, denovo378129 (Shuttleworthia) as differentially abundant
between all breed and diet groups. This bacterial group is relatively unknown, although it has
been reported as a typical member of animal gut microbiome in several studies [59, 65].
According to our results, Shuttleworthia could be a key differentiator between Iberian and
Duroc animals, having a relevant link either with fiber or with oleic acid dietary supply. Addi-
tionally, DESeq2 allowed us to test interaction effects between breed and diet factors. With this
method we were able to find as much as 26 significant interactions, most of them being quali-
tative. According to DESeq2 DA analysis for diets (C vs O) using DU and IB subpopulations,
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we were able to classify these interactions based on the different response to diets inside each
breed: no response to O diet (NR), abundance increase due to O diet (AI) or abundance
decrease due to O diet (AD). 12 OTUs were NR within DU animals (7 IB-AI and 5 IB-AD)
while 7 OTUs were NR within IB animals (all of them DU-AI). Only 1 OTU (denovo347841)
presented an abundance increase in response to O diet within both breeds, being its Al much
larger for Iberian animals (quantitative interaction). The remaining 6 interaction-significant
OTUs were not significantly DA between diets within each breed. The OTU denovo347841 has
been classified as Unclassified_Muribaculaceae, a relatively unknown Bacteroidales family
which has been observed in multiple gut microbiomes through 16S or metagenomic analyses
[66]. Although their main metabolic role remains unknown, their phylogenetic closeness to
Prevotellaceae and Bacteroidaceae could reveal saccharolytic activity. In summary, most of the
observed interactions are qualitative and reveal that one breed responds to diet but the other
does not. No pure qualitative interactions (i.e., with opposite directions of diet effect according
to breed) were observed. The presence of interactions for individual OTU abundances would
be a clear indicator of differential effects of diet on the gut microbiota of Duroc and Iberian
pigs. This fact can be related with our beta-diversity results, as our PCA showed a tendency to
a higher centroid distance within IB-C and IB-O groups than within DU-C and DU-O,
although the absence of significant interactions in PERMANOVA test throws some uncer-
tainty about this conclusion. Also, former studies carried out with the same animals have
proven the existence of a differential response to O diet for several productive traits and for
adipose tissue transcriptome [67]. In summary, this differential response may exist for gut
microbiome composition and structure, but might be not clearly noticed due to the low num-
ber of animals and to the relatively high resemblance between feed formulations and to the
intrinsic difficulty in evaluating and interpreting interaction effects.

The p-LR approach must be mentioned apart, as it identifies ratios that could be useful as
differentiators between breed and diet combinations, although distinction between Duroc and
Iberian phenotypes is clearer. Actinobacteria abundance has been observed to be important
when compared to Epsilonbacteraeota (Phyl. Nov.), a novel phylum proposed by Waite et al.
[68] as a separate group from former Epsilonproteobacteria class, which was classified inside
Proteobacteria phylum. Our dataset contained Campylobacter and Helicobacter members of
Epsilonbacteraeota, two genera with diverse metabolisms more known by their pathogenic spe-
cies affecting human and other animals. One out of our OTUs has been classified as Campylo-
bacter hyointestinalis, a species name proposed to Campylobacter isolated from pigs with
proliferative enteritis [67]. Interaction relationship of these pathogenic bacteria and Actinobac-
teria (Corynebacterium, Bifidobacterium, Collinsella, Enterorhabdus and non-classified Atopo-
biaceae) present in our database remains unknown. However, as Epsilonbacteraeota RAs
remain fairly constant across samples, differentiation between IB and DU pigs might be due to
lower Actinobacteria abundances in Iberian animals. Actinobacteria relevance in breed separa-
tion has been upheld when analysing ratios at lower taxonomic levels. Accordingly, Corynebac-
teriaceae/Spirochaetaceae and Anaerostipes/ Corynebacterium were relevant in breed separation
at family and genus levels, respectively. In any case, complete separation between breeds and
diets, including the discrimination between Duroc diet groups, is only possible at family level
making use of three pairwise ratios (COR/SPR, PEP/STR and ATO/ ENT), considering that
Enterobacteriaceae are more abundant in DU-O group. This fact also reflects the masking
effect that breed is causing to differentiate diet effects on microbial populations, previously
commented.

This type of approach might be interesting to detect microbial biomarkers, given their
importance as tools for genetic diagnosis or diet determination. In the case of Iberian pig
industry this might be especially useful in order to address frauds due to crossbreeding and
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dietary manipulation, which can importantly affect final products” quality [6, 7]. Nevertheless,
additional studies including crossbred animals, different production systems and sampling
and different developmental stages, including the standard slaughter age, are necessary in
order to validate these potential biomarkers and establish causal relationships.

As an additional approach we related the individual OTU abundances with different fat
composition traits, in order to deepen in the potential effects of the gut bacteria on host’s
metabolism. A former study with the same animals reported significant differences in FA com-
position between C and O diets [38]. Our first Limma approach (breed subsetting and no diet
correction) was used to globally visualize the correlations between OTU abundances and
lipidic composition, independently of their causal relationship. Again, differences were
detected between DU and IB, as only one OTU abundance was significantly correlated to FA
composition in DU animals. When the second Limma approach was applied (breed subsetting
and diet correction) we saw that most of these correlations were caused by the diet influence.
In IB subpopulation, Prevotellaceae OTUs mostly appear negatively correlated to SFA and/or
positively correlated to MUFA (as the variation in one FA alters the proportion of the others).
As they have a role in fiber digestion, these correlations might be caused by the higher fiber
content in high-oleic diet, as mentioned before. Other correlations might be directly caused by
increased supply of dietary oleic acid, such as the negative correlations between OTUs from
Lactobacillus (denovo2335, denovo274149) and backfat SFA content, or between Campylobac-
ter (denovo141328) and both ham and backfat SFA content. Lactobacillus are important fer-
menters with a crucial role in VFA biosynthesis [69], so its association with FA availability
could be expected. Regarding Campylobacter, as it happens with C. jejuni, C. hyointestinalis
might also lack common microbial metabolic pathways related to carbohydrate utilization,
replacing them by a rapid utilization of amino acids and SCFA such as lactate and acetate [70].
Thus, its correlation with FA composition might be related to differential SCFA and amino
acid bioavailability between dietary groups. Only one OTU was detected as correlated with FA
after correcting by diet (second Limma approach), denovo37314 (Treponema 2), negatively
correlated with ham oleic acid content in IB. This suggests that direct (i.e., not caused by diet
differences) association between gut microbiota and FA muscle accretion might also exist.
Unfortunately, our experiment does not allow to detect these associations, as intra-group vari-
ability is very low for lipidic traits and sample size does not provide enough statistical power.
Further experimental designs standardizing breed and diet might be adequate to focus on
causal relationships between gut microbiota composition and host lipidic traits.

As our experiment has focused on the bacterial subset of fecal microbiota, interactions with
other microbial clades, especially eukaryotes, must be studied for a better understanding of the
real nature of microbial population changes. On the other hand, metabolite variations between
breeds and diets must be analyzed in order to stablish the true relationship between micro-
biome and host phenotype. Mid-gut microbiota populations might also be interesting to
observe dietary responses, as multiple digestion processes occur at superior gut sections.
Finally, the complexity in analysing crossover designs must be taken into account, and addi-
tional experiments focused in a unique effect might help to clarify some of the differences
found in this study, although interaction between effects must not be ignored.

Conclusions

Our study reveals that genetic background has an important impact on pig gut microbiota
composition, while dietary changes have a smaller and more variable effect, and it also brings
light to the complexity of microbial relationships. In this experiment, the O diet provided a
high level of oleic acid content instead of carbohydrates as energy source, but also higher fiber
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content was mandatory to keep both diets isoenergetic, thus the effects of diet on microbiota
composition could be highly dependent on fiber. This work is the first comparison of breed
and diet effects on gut microbiome involving Iberian pigs, providing novel and interesting
results, but limitations due to the sample size must be taken into account. We report a higher
OTU richness in Iberian pigs, which highlights the importance of genetic background (i.e.,
animal breed) in overall microbiome composition resemblance, and may suggest a potential
relationship between gut microbiota diversity and composition and Iberian pigs’ resilience.
Dietary modifications had a small effect in microbiome composition, much less important
than host genotype. Differential abundance revealed a complex picture of microbe relation-
ships, with a considerable effect of the breed and multiple interactions between breed and diet.
In spite of this complexity, we identified relevant DA taxa and taxa ratios as potentially associ-
ated to the metabolic differences between breeds and to a lower extent for the diet influence.
Finally, an approach to the use of OTU pairwise ratios as a predictive tool has been performed,
with some interesting results that should be subject of further investigations.
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S1 Fig. DA Venn diagrams. Venn Diagram comparing DA OTUs in breed (red) and diet
(blue) contrasts using both DESeq2 and ALDEx2.
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S1 File. Diet composition. Nutrients, fatty acid composition and ingredient formulation for
Control (C) and High-Oleic (O) diets.
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S2 File. Relative abundance of genera. Tables containing overall relative abundance of identi-
fied genera and relative abundance by”breed-diet” groups. Mean and standard deviation of
RA are shown for each OTU, as well as taxonomic classification. RA_Rank column represents
the rareness of each OTU (High_RA: RA > 1%; Med_RA: 1% > RA > 0.1%; Low_RA:

RA < 0.1%).
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S3 File. Differentially abundant OTUs. Tables containing differentially abundant OTUs for
each factor (breed and diet) with both pipelines (DESeq2 and ALDEx2) and overlapping of
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For DESeq2, normalized counts per group (Ncounts), fold change (log2FC) and adjusted p-
value (padj) are shown. For ALDEx2, relative abundance per group (RA), median difference in
CLR values between factor groups (diff.btw) and Welch’s test adjusted p-value (we.eBH) are
shown. In overlapping tables information of both pipelines is shown.
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Abstract

Background: Mitigating the effects of global warming has become the main challenge for humanity in recent decades. Livestock farm-
ing contributes to greenhouse gas emissions, with an important output of methane from enteric fermentation processes, mostly in
ruminants. Because ruminal microbiota is directly involved in digestive fermentation processes and methane biosynthesis, under-
standing the ecological relationships between rumen microorganisms and their active metabolic pathways is essential for reducing
emissions. This study analysed whole rumen metagenome using long reads and considering its compositional nature in order to
disentangle the role of rumen microbes in methane emissions.

Results: The B-diversity analyses suggested a subtle association between methane production and overall microbiota composition
(0.01 < R? < 0.02). Differential abundance analysis identified 36 genera and 279 KEGGs as significantly associated with methane pro-
duction (P,g; < 0.05). Those genera associated with high methane production were Eukaryota from Alveolata and Fungi clades, while
Bacteria were associated with low methane emissions. The genus-level association network showed 2 clusters grouping Eukaryota
and Bacteria, respectively. Regarding microbial gene functions, 41 KEGGs were found to be differentially abundant between low- and
high-emission animals and were mainly involved in metabolic pathways. No KEGGs included in the methane metabolism pathway
(ko00680) were detected as associated with high methane emissions. The KEGG network showed 3 clusters grouping KEGGs associated
with high emissions, low emissions, and not differentially abundant in either. A deeper analysis of the differentially abundant KEGGs
revealed that genes related with anaerobic respiration through nitrate degradation were more abundant in low-emission animals.

Conclusions: Methane emissions are largely associated with the relative abundance of ciliates and fungi. The role of nitrate elec-
tron acceptors can be particularly important because this respiration mechanism directly competes with methanogenesis. Whole
metagenome sequencing is necessary to jointly consider the relative abundance of Bacteria, Archaea, and Eukaryota in the statistical
analyses. Nutritional and genetic strategies to reduce CHy emissions should focus on reducing the relative abundance of Alveolata
and Fungi in the rumen. This experiment has generated the largest ONT ruminal metagenomic dataset currently available.

Keywords: dairy cattle, microbiome, rumen, methane, Nanopore, long reads

Introduction tic animals [2,3] (e.g., feed efficiency, methane emissions, animal

Next-generation sequencing technologies have provided special
relevance to microbial communities from different niches be-
cause they let their taxonomic and functional profile be identi-
fied. This has made it possible to unravel the relationships be-
tween host and microbiota, as well as the complex interactions
between microbes, focusing on the special contribution of the
role of digestive microbiome in complex traits both in humans
(1] (e.g., Type 2 diabetes, cancer, mental diseases) and in domes-

health).

Microbial communities are of special relevance in livestock. In
ruminants, one of the main microbial communities is found in the
rumen, owing to its high diversity and large microbial mass [4] and
its main role in feed fermentation to provide substrate to the ani-
mal, which is then transformed into product. Additionally, enteric
methane is produced in the rumen by methanogenic microor-
ganisms during feed fermentation [5] and is the main contribu-
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tor of greenhouse gases from livestock, with 2.8-3.5 gigatonnes of
CO,-equivalent per year [6,7]. The ongoing climate emergency ur-
gently calls for efficient strategies to mitigate the carbon footprint
from all sectors, including agriculture and livestock farming. Pre-
vious studies have proven that complex traits in ruminants are
usually influenced by global changes in ruminal microbial com-
munities, more than by fluctuations in the abundance of specific
microorganisms [8,9]. These global changes are usually due to
the intricate interactions between different species in these com-
munities (i.e., predation, competition of ecological niche, or co-
dependency). Consequently, a better understanding of the interac-
tions between microbial genes during methanogenesis is needed
to propose strategies for reducing methane emissions. Promising
strategies have been proposed to modulate the metagenome, nu-
trition, and genetics [10].

Classic statistical approaches do not allow the results of micro-
biome studies to be accurately assessed. The high sparsity of these
data and their compositional nature generate multiple problems
in statistical analysis, including subcompositional incoherence,
increased false-positive rates in differential abundance analyses,
and detection of spurious correlations [11].

As a consequence, new approaches considering both composi-
tionality and multiple correlations are needed. It is also important
to point out the advantages of whole-metagenome sequencing
over metataxonomic studies because the latter cannot be used to
determine functionality and because they pose some difficulties
at simultaneously analysing different superkingdoms [12], which
is necessary to account for the total variability of microbiomes
and the interactions among their components. Different ampli-
cons must be used to correctly classify Bacteria, Archaea, Proto-
zoa, and Fungi, increasing the cost of the studies and involving ad-
ditional bias due to PCR [13]. They pose the additional difficulty of
a proper comparison between communities sequenced in differ-
ent reactions with different primers. Nanopore sequencing offers
a cost-efficient sequencing strategy for metagenomics studies,
providing both taxonomical and functional information simulta-
neously and for microbes from all superkingdoms. This technol-
ogy has been improved in recent years, allowing taxonomic and
functional assignments to be performed with an accuracy com-
parable to [llumina [14].

The objective of this study was to characterize the taxonom-
ical and functional composition of rumen microbiota using long
sequence reads obtained with Nanopore technology, and their re-
lationship with enteric methane emission.

Results

Taxonomy of microbial composition

After initial selection of core taxonomy, 6,394,671 reads with N50
= 4,022 bp were classified in 3,921 taxonomical features up to
genus level. A filtering strategy was implemented to exclude low-
abundance microbes while keeping the core microbiome relevant
for methane emissions. This process removed 48,517 reads (<1%),
which reduced the sparsity of the metagenome from 87% to 68%,
although a large number of singleton and doubleton features re-
mained (Supplementary Fig. S1). The final core subcomposition
included a total of 6,318,344 reads, in 437 samples, classified in
1,240 taxonomical features: 967 known genera (722 bacteria, 13
archaea, and 232 eukaryotes) and 273 that only reached family
rank (i.e, Unclassified denomination). Overall, 503 families, 277
orders, 158 classes, and 86 different phyla (37 bacterial phyla, 3
archaeal phyla, and 46 eukaryotic clades) were classified. The rel-

ative abundance (RA) distribution by superkingdoms and phyla is
summarized below.

Predominant microorganisms in this core rumen subcomposi-
tion were bacteria (mean 91.6% [SD 6.93] of total mean RA) from
Bacteroidetes, Firmicutes, and Fibrobacteres (Fig. 1), representing
a mean RA of 63%, 16%, and 5%, respectively. The Bacteroidetes
fraction was majorly composed by Prevotella and was the main
representative genus in the total community (19.4% mean RA),
along with other Prevotellaceae members. The Firmicutes group
included a large number of genera. The order of Clostridiales
dominated in terms of RA, with Lachnospiraceae and Ruminococ-
caceae families being the most representative ones. The remain-
ing phyla (34) from the Bacteria superkingdom represented 7.6%
mean RA of the core metagenome. Eukaryotes represented a total
mean RA of 8.2% (SD 6.95) of the core subcomposition. Predomi-
nant eukaryotic clades were those included in the SAR supergroup
(Stramenopiles-Alveolata-Rhizaria) [15], accounting for 6% of to-
tal mean RA, followed by Fungi (1.3% of total mean RA). Alveo-
lata clade was the most abundant among the eukaryotes, with
a high representation of unclassified Ophryoscolecidae, Stentor,
and Paramecium. Archaea representation in the core subcomposi-
tion (mean 0.24% [SD 0.25] of total mean RA) consisted mostly of
Methanomicrobia, Methanobacteria, and Thermoplasmata mem-
bers. Yet, a large number of reads could not be assigned to a known
genus. The relative abundance per animal of the most relevant
taxonomic groups is depicted in Supplementary Fig. S2.

Functionality of microbial composition

A total of 30,326,550 reads with N50 = 5,720 bp were assigned to
KEGGs. After prevalence filtering, a total of 84,219 reads (0.28%)
were removed and the sparsity was reduced from 72% to 39%
(Supplementary Fig. S1). The final KEGG table was composed by
30,145,459 reads from 437 samples, classified in 6,644 KEGGs.
These KEGG pathways and BRITE hierarchies [16-18] were repre-
sented in a Treemap according to their mean RA (Fig. 2). We found
that 26% of the rumen metagenome functions were in pathways
that represent the metabolism of carbohydrates, amino acids, and
other biological compounds, as well as of energy metabolism. In
addition, 34% of functions were involved in cellular generic pro-
cesses (cell growth [3%], transport and catabolism [4%], genetic
and environmental information processing [23%], and other [4%]).
KEGG BRITE classification showed a high presence of proteins in-
volved in cellular processes (36%) and metabolism (26%).

B-diversity and PERMANOVA analysis

The B-diversity was represented in principal component analy-
sis (PCA) between samples at 5 different taxonomic levels (phy-
lum, class, order, family, and genus), as well as with KEGG, using
centered log-ratio (CLR) transformed datasets. Then a permuta-
tional analysis of variance (PERMANOVA) was implemented [11],
sequentially adding the effect of farm-batch (B), stage of lacta-
tion (SL), number of lactation (NL) and level of methane emissions
(CH4) discretized in 4 groups (LOW, L-MID, H-MID, and HIGH). The
visualization did not show a clear visual clustering of samples by
methane emission levels (Fig. 3). However, a generalized additive
model (GAM) smooth fitting allowed visualization of non-linear
distribution patterns of the microbial samples according to CHy
emissions inside the ordination at all taxonomic levels. The non-
linear pattern was more evident at the phylum, class, and genus
levels, although the proportion of methane variability explained
was low (~4.8% according to GAM model fitting). No relevant dif-
ferences were visually appreciated using the KEGG information.
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Figure 1: Mean relative abundance of genera. Mean relative abundance of core microbial taxa, including those classified only to family level (i.e.,
unclassified genera), which represent 60.2% of total abundance.
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Figure 2: Metagenome functionality. TreeMap distribution of functionality abundances classified as KEGG pathways (left) and BRITE hierarchies (right)
associated with core KEGG subcomposition.
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Figure 3: Fitted surface representation of principal component analysis. Dots represent the samples using Euclidean distances of CLR-transformed
taxa abundances, coloured by CH4 levels. CH, emissions (ppm) corrected by number and stage of lactation are represented as smooth fitting following
a generalized additive model (GAM) (green). Dev. Explained: variability explained by GAM,; P-val: approximate significance of the smooth terms being 0

(o = 0.05).

Table 1: F statistic and P-values for stage of lactation (SL), number
of lactation (NL), and methane emission (CH4) variables (added
sequentially) and P-values from PERMANOVA of the entire dataset
(i.e., including all superkingdoms)

Category Variable F statistic R? P-value*
Phylum SL 6.1 0.014 <0.01
NL 1.4 0.003 0.11
CH4 2.8 0.019 <0.01
Class SL 5.6 0.013 <0.01
NL 15 0.003 0.07
CH4 2.4 0.016 <0.01
Order SL 54 0.012 <0.01
NL 1.7 0.004 0.03
CH4 2.3 0.016 <0.01
Family SL 4.9 0.011 <0.01
NL 1.6 0.004 0.03
CH4 2.1 0.014 <0.01
Genus SL 4.0 0.009 <0.01
NL 1.4 0.003 0.03
CH4 1.7 0.012 <0.01
KEGG SL 53 0.012 <0.01
NL 2.0 0.004 0.02
CH4 2.4 0.016 <0.01

*Italics indicate a statistically significant finding (P < 0.05).

Nonetheless, some differences in the overall rumen microbiome
composition between animals with different methane emissions
were evidenced by the PERMANOVA analysis, both for taxonomy
and functionality (Table 1). The results showed significant differ-
ences for the centroid distance between methane emission groups

at every taxonomic level and also for KEGGs (P < 0.01), but they
explained a low percentage of total variance (0.01 < R? < 0.02).

Rumen microbes associated with CH, emissions

The effect of taxonomic features on methane emission lev-
els was evaluated through differential abundance (DA) analysis.
Thirty-three genera were found to be differentially abundant (Pg;
<0.05) between LOW and HIGH emitters (Fig. 4A), while 15 gen-
era showed DA between LOW and H-MID emitters and 1 genus
between LOW and L-MID emitters (Supplementary Data S1). Note
that 13 of the 15 genera showing DA (P,4; <0.05) between LOW
and H-MID groups were also significant in the LOW vs HIGH con-
trast but not in LOW vs L-MID contrast, indicating gradual abun-
dance change from low to high emitters. Accounting for all con-
trasts and duplicated genera, 36 DA genera had statistically signif-
icant results. We classified these genera according to their respec-
tive overabundance (OA) in the LOW or HIGH emissions groups.
Thus, 10 of them were more abundant in the LOW group (LOW-
OA) and 1 in the L-MID group. The remaining 25 genera were OA
in the HIGH groups (HIGH-OA): HIGH (12), HIGH and H-MID (11),
or H-MID (2). HIGH-OA genera represented an overall RA of 4.15%,
whereas LOW-OA genera accounted for 0.25% of total RA. The
2 genera overabundant in H-MID were Dictyostelium and Unclas-
sified Eimeriidae, and the one associated to L-MID was classified
as Candidatus Izimaplasma (Tenericutes). The log, FC values ranged
between 0.7 and —0.7 in genera showing DA for methane emis-
sion levels, highlighting that the differences between groups were
moderate.

Overall, DA results indicate that taxa associated with higher
methane levels belong to the Eukaryota superkingdom, while
those associated with lower emissions were bacteria. We found
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Figure 4: Volcano plots. Volcano plot representing the differential abundance (DA) of genera (A) and KEGGs (B) between LOW and HIGH groups from
limma. Significance thresholds were established at P,4; = 0.05 and log,FC = £0.5. Red points: Significant features with DA above the fold change (FC)
threshold. Green points: Significant features with DA below the FC threshold. Gray points: Non-significant features with DA above the FC threshold.

Black points: Non-significant features with DA below the FC threshol.

multiple Ciliophora genera associated with the HIGH group
(mostly Parameciidae, Stentoridae, and Pseudocohnilembidae
members) but also Amoebozoa and some Fungi or pseudo-fungi.
Other bacterial genera associated with lower methane production
were Hespellia, from Clostridiales, and Sutterella, an asaccharolytic
genus from Betaproteobacteria.

Microbial gene function associated with CH,
emissions

DA analysis was also performed for KEGG features on methane
emission levels. A total of 192 KEGGs were DA between the LOW
and HIGH emissions groups (Fig. 4B). Differences were also found
between the LOW and H-MID groups (Supplementary Data S1). As
in the taxonomy dataset, some of the KEGGs presented significant
DA in both LOW vs HIGH and LOW vs H-MID contrasts. Accounting
for these duplicates and all the contrasts, 182 were overabundant
in the high-emissions groups (HIGH-OA), whereas 97 KEGGs were
overabundant in low-emissions groups (LOW-0A). The overall RA
for HIGH-OA KEGGs was 2.31% and 0.64% for LOW-OA KEGGs.
Of these, 13 HIGH-OA KEGGs and 28 LOW-OA KEGGs were as-
signed to metabolic pathways. No KEGGs from the ko00680 path-
way were found as HIGH-OA. KEGGs related to inositol-phosphate
metabolism (K00889,K01110,K18082, and K20279), starch and su-
crose metabolism (K01203), or several lipid metabolism pathways
were present in the HIGH-OA group. According to LOW-OA KEGGs,
some of them were involved in volatile fatty acid metabolism (e.g.,
K00209 enoyl-[acyl-carrier protein| reductase [EC:1.3.1.9], K01902
succinyl-CoA synthetase alpha subunit [EC:6.2.1.5], and K01682
aconitate hydratase 2 [EC:4.2.1.3]) and the K09251 putrescine
aminotransferase (EC:2.6.1.82) related to putrescine and cadaver-
ine degradation to 4-amino-butanoate (GABA) or 2-oxoglutarate.
Also, several KEGGs in the LOW-OA group were related to ni-
trogen metabolism (K00370 and K00371 nitrate reductase sub-
units [EC:1.7.5.1]), oxidative phosphorylation (K03885 NADH de-

hydrogenase [EC:1.6.99.3]), and to carbohydrate, lipid, or vitamin
metabolism pathways. The ko00680 KEGG K13788 was also over-
abundant in the LOW emissions group.

Co-abundance of genera and KEGGs

Interaction networks were built using the previous results in order
to visualize the association between taxa and genes using pair-
wise correlations between features. Pairwise proportionality cor-
relation coefficients (pp) were calculated on the CLR-transformed
datasets for phylum, genus, and KEGG features to mitigate the
effect of spurious correlations that can potentially surge in com-
positional data [19].

The most relevant pairwise proportionalities between genera
and between KEGGs were visualized as interaction networks,
classifying features as associated with high methane emissions
(HIGH), low methane emissions (LOW), or not associated with
methane emissions (N/A), according to the results from the dif-
ferential abundance analyses. The interaction networks for gen-
era and KEGGs are shown in Figs 5 and 6, respectively.

Eukaryotes clustered together in the network with large rep-
resentation of the SAR supergroup and showed negative propor-
tionality to bacteria. The genera that were associated with higher
methane emissions belonged to the Eukaryota superkingdom (Cil-
iophora and Fungi), whereas Bacteria were associated with lower
CH,4 production. The strongest inverse proportionalities between
both subpopulations connected several eukaryotes with Unclas-
sified Veillonellaceae and Oribacterium (—0.64 < p, < —0.53); i.e.,
microbiomes with lower abundance of Oribacterium or Veillonel-
laceae tend to present larger abundances of protozoa and fungi
and were therefore associated with larger emissions. Unclassi-
fied microbes from Neocallimastigaceae, Oxytrichidae, and Vibri-
onaceae families showed the highest centrality and a large degree
of connectivity.
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The functional network showed 3 main clusters that grouped
KEGGs associated with HIGH methane level (cluster H), KEGGs not
related to methane emissions (cluster N), and a small one includ-
ing KEGGs associated with lower emissions (cluster L). Connec-
tions between clusters were not symmetric: H cluster was con-
nected to N cluster by inverse proportionalities between some
of their components, but the L cluster seemed to be connected
only to N cluster by direct proportionalities through non-clustered
KEGGs. Also, most of the ko00680 KEGGs (i.e., directly involved in
methanogenesis or participating in pathways leading to methano-
genesis precursors) did not appear as DA between high-emission
and low-emission cows.

Distribution of genes among clades

A traceback of genes’ taxonomy was carried out, separately for
ko00680 KEGGs and for DA KEGGs. A total of 30 of the 85 ko00680
KEGGs were predominant in Archaea groups, 1 predominated in
Eukaryota (K05979), and the rest were predominant in Bacteria
(Fig. 7). Although the RA distribution of these KEGGs was nor-
mally between 60% and 100% in the predominant superkingdom,
4 KEGGs were more evenly distributed between clades: K01007
and K00863 had RA < 60% in Bacteria and showed RA > 30%
in Eukaryota; K05979 was the KEGG predominating in Eukaryota,
but with RA near 60% (38% in Bacteria and 12% in Archaea); and
K14080 had RA of 57% in Archaea and 43% in Bacteria. Regard-
ing the DA KEGGs, those from the LOW-OA group showed larger
abundance in Bacteria, mostly in genera from Proteobacteria, Bac-
teroidetes, and Firmicutes phyla. Different groups of bacteria also
carried KEGGs from the HIGH-OA group, although these KEGGs
were more abundant in eukaryotes. The HIGH-OA KEGGs were
mainly mapped to unclassified eukaryotes, but those that could

be classified belonged most often to Fungi and SAR supergroup
(Fig. 8).

Discussion

In this study we assessed the composition of the ruminal mi-
crobiota using long reads from Nanopore sequencing technology.
We observed predominance of Bacteroidetes, Firmicutes, and Fi-
brobacteres, as reported in previous studies [8,20]. Bacteroidetes
and Firmicutes are common bacteria in all kind of ecosystems,
including gut microbiota of multiple animals. The fraction of Bac-
teroidetes was mainly composed by Prevotella, a group of anaer-
obic gram-negative bacteria involved in saccharolytic processes
[21]. Their large abundance in the digestive microbiota has been
previously reported in ruminant [22-26] and monogastric species
[27,28]. Firmicutes were less abundant, with a more diverse dis-
tribution of genera. Fibrobacteres, a small group of cellulose-
degrading bacteria usually present in ruminant digestive sys-
tems [29], was mainly represented by the Fibrobacter genus. Eu-
karyotes also represented a relevant amount of the rumen core
metagenome. This group has been reported to contribute up to
50% of total ruminal biomass [30]. The SAR supergroup and Fungi
were the most relevant ones, which are found in a wide vari-
ety of ruminants and pseudoruminants [15,31]. Other eukary-
otes included Stentor and Paramecium; the former are aquatic free-
living heterotricheans that can be particle filtrators or predators
of other protozoa and live symbiotically with some algae species
[32,33], whereas the latter are well-known ciliates that predate
bacteria and other microorganisms, including protozoa [34]. Ar-
chaeal fraction was mostly composed of strict methanogenic or-
ganisms from Methanomicrobia and Methanobacteria clades [35]
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but also included Thermoplasmata, which are methylotrophic-
methanogenic acidophilic organisms [36].

The DA analysis showed that ciliates, fungi, and pseudo-fungi
were more abundant in cows with higher levels of methane emis-
sions. Microbes associated with lower methane emissions were
saccharolytic members of class Gammaproteobacteria (Anaero-
biospirillum [37], Vibrio [38], or Pseudoalteromonas [39]), as well as
Negativicutes genera from Veillonellaceae (Dialister, Megasphaera)
and Selenomonadaceae (Mitsuokella). Dialister produce succinate
decarboxylation, and Megasphaera ferment carbohydrate and lac-
tate [40], while Mitsuokella are saccharolytic bacteria [41]. The low-
emissions ruminotype had larger abundance of Proteobacteria
and Firmicutes genera. Other authors also reported higher abun-
dances of these bacterial phyla in low methane emissions ani-
mals [8]. Lactate and succinate producers have been reported to
be more abundant in low-emitters as well [42], supporting the
higher abundance of Anaerobiospirillum or Megasphaera in LOW an-
imals.

Despite this association between methane and large taxonomic
groups, it is of interest to find out which specific clades and mi-
crobial genes are participating directly or indirectly in methano-
genesis. The genera co-abundance network showed a clear clus-
ter of eukaryotes, with many of them being significantly more
abundant in the high-emissions group. Other authors have al-
ready established a positive correlation between fungi abundance
and methane emissions [8], as well as a close interdependence of
protists and fungi. Although correlation between methane emis-
sions and protozoa abundances is still under discussion [43,44],
current meta-analyses point to a linear relationship between pro-
tozoa abundance and methane emissions (r = 0.96) [45].

Interestingly, no taxonomic group of methanogenic archaea
showed association with methane emissions. The relationship be-
tween Archaea and methane production in rumen is not con-
sistent in the literature. Some authors reported either individ-
ual relationships between methane emissions and some archaeal
species [46,47] or correlations between overall archaeal gene
abundance and methane emissions level [43,48]. However, other
studies showed no relationship between methanogenic Archaea

and methane [47,49]. All studies to date showed a low relative
abundance of archaea in the rumen, compared to eukaryotes
and bacteria [50]. However, the association between the abun-
dance of rumen eukaryotes and methane emissions has been
demonstrated through defaunation experiments, both in vitro
[51,52] and in vivo [44,53], with lower emissions in defaunated
animals [54]. This has been attributed to the tight link exist-
ing between methanogenic archaea abundance and some fungi
and protozoa [50]. Specifically, ciliates and some Chytridiomy-
cota (e.g., Neocallimastix sp.) are known to symbiotically engulf
a variety of methanogenic archaea. They provide the archaea
with substrate for methane production from H, produced in their
hydrogenosomes, as well as protection against oxygen toxicity
[30,55,56]. Thus, free-living methanogens might represent a low
fraction of microbial population [45], and CH,4 biosynthesis might
be more influenced by endosymbiotic methanogens [55]. Hence, a
larger methanogenesis activity is expected to be correlated with
a larger abundance of eukaryotes, especially ciliates, which are
more abundant and better represented. Another partial explana-
tion for the low abundance of free archaea, and thereby for the
lack of association between Archaea and methane emissions in
previous studies [10], is that lysis of archaea cell walls often re-
quires specific protocols during DNA extraction, and they might
be under-represented in metagenomics studies [57].

In terms of Gene Ontology, the KEGGs were associated with
several metabolic functions and cellular processes (nutrient
metabolism and biosynthesis, cellular transport, cell growth, or
genetic information processing). Pathways related to pathogenic
activity were also found, in agreement with the RA of several
genera that include known pathogenic species (e.g., Vibrio,
Haemophilus, Trypanosoma, or Staphylococcus), although not every
species from these genera is pathogenic, but opportunistic or
commensal organisms. Besides, pathogenic activity presence in
our dataset might be biased owing to a larger representation
of human-related diseases in the databases. The KEGGs were
classified according to their presence or absence in ko00680
pathway (methane metabolism), as a way to evaluate their direct
involvement in methanogenesis or an indirect involvement in
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pathways leading to biosynthesis of precursor compounds. Al-
though we found several ko00680 KEGGs, which are presumably
involved in the biosynthesis of methanogenesis precursors, most
of them were not associated with methane emissions (i.e., not
differentially abundant between methane groups). Most of these
KEGGs were mainly present in bacteria or eukaryotes and might
be functioning in metabolic pathways not related to methano-
genesis. For instance, some of the KEGGs inside the methane
metabolism pathway can also be involved in glycine, serine, and
threonine metabolism (e.g., K00058, K00831, K01079, and K00600),
pyruvate and propanoate metabolism (e.g., K00625 and K13788),
glycolysis (e.g., K01689, K15633,K01624, and K02446), or anaerobic
carbon fixation (e.g., K00198) [16-18]. Another group of ko00680
KEGGs is exclusive from Archaea, but the under-representation
of this clade in our dataset might obscure statistical
significance.

Other detected KEGGs could be indirectly related to methano-
genesis through biosynthesis of precursor compounds. For in-
stance, K00209 and K13788 are involved in butyrate and
propanoate biosynthesis, being essentially carried by primary fer-
mentative bacteria [58]. Then the volatile fatty acids can be used
by secondary fermenters to produce methanogenesis precursors
such as Hy, CO,, acetate, and formate [59,60]. In fact, K13788 is
a phosphate acetyltransferase (EC:2.3.1.8) that can be involved in
the biosynthesis of acetate from acetyl-CoA [61]. Also, K09251 is
involved in biosynthesis of GABA and 2-oxoglutarate. GABA has
been related to a volatile fatty acid concentration increment [62],
while 2-oxoacid compounds can be used by Archaea to synthe-
size coenzyme M and coenzyme B, which are essential in methane
production [63]. However, all these KEGGs were observed as over-
abundant in the LOW methane group, suggesting a strong pres-
ence of fermentative bacteria in these animals, not directly corre-
lated with methane production.

Other KEGGs that were overabundant in LOW emitters might
offer an explanation of the lower presence of active methano-
genesis processes through competence mechanisms (e.g., LOW-
OA KEGGs K01682, K01902, and K13788 are involved in citrate cy-
cle and pyruvate metabolism, related to respiration). The K00370
and K00371 are nitrate oxidoreductase subunits playing a role in
anaerobic respiration using nitrate as electron acceptor. This en-
zyme uses nitrate as electron acceptor, a process that has been
reported as a competitive inhibitor of methanogenesis [64,65]. Ni-
trate supplementation has proven to be an useful strategy to mit-
igate methane emissions [66]. Nitrite produced by the nitrate-
reductases has a known antimicrobial effect and toxicity to an-
imal cells [67-69], which might also reduce the proportion of
free archaea in LOW animals, although toxicity to archaea must
be further studied [70]. However, the role of ciliates and fungi
must be clarified because their abundance is also lower in LOW
emitters. We hypothesize that the predatory nature of these eu-
karyotes might be a control mechanism for bacterial popula-
tions, and their lower relative abundance in LOW animals might
allow overgrowth of related bacteria. Nevertheless, there is the
possibility that a higher proportion of facultative anaerobes us-
ing nitrate as acceptor might affect ciliate populations by toxic-
ity, thus reducing the presence of endosymbiotic methanogenic
archaea.

The SqueezeMeta software [71] uses a last common ancestor
(LCA) algorithm, which assigns to 1 read the lowest-level taxon
common to all hits, using a stringent cut-off identity value for
each taxonomic rank. On its part, functional assignments are
done with the fun3 algorithm, which by default assigns the hit
with the highest mean bitscore compared to the n first hits pass-
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ing the e-value, identity, and coverage filters. This LCA approach
ensures that reads have a large probability of being correctly
classified, at the expense of a large number of reads remain-
ing unclassified, which explains the larger number of reads as-
signed to a known KEGG than to taxa. Despite this strict require-
ment, this composition is consistent with other populations re-
ported before [2,3,20]. Most studies to date report large abundance
of Bacteroidetes and Firmicutes, with Prevotella spp. as the most
prevalent genus. Some minor discrepancies with other studies
were observed in the RA of the core subcomposition. For exam-
ple, Wallace et al. [20] showed a higher presence of Proteobacteria
and Euryarchaeota, although using amplicons instead of whole-
metagenome sequencing.

Our statistical approach evidenced the difficulty of inferring
a phenotypic association between microbiome composition and
methane production, with an important role of environmental
factors that mask the statistical signal. However, a meaningful
relationship between the microbiome composition and methane
emissions could be uncovered yet, emphasizing the role of the dif-
ferent phyla, with the Eukaryota superkingdom being of particu-
lar relevance. Previous studies also revealed a link between rumi-
nal microbiota and methane production. Difford et al. [3] showed
different clusters of high and low methane emitters according to
their bacterial and archaeal subcomposition. Danielsson et al. [46]
also found clustering for low and high methane emitters within
prokaryotic rumen subcompositions. Wallace et al. [20] found that
a core set of rumen microbiome was capable of explaining up to
30% of methane emissions variability, mostly formed by prokary-
otes. The aforementioned studies used different methodologies,
like amplicon analysis and operational taxonomic unit clustering,
contrasting with our full-metagenome genus-clustering protocol,
which increases the information entropy. Stewart et al. [72] used
Nanopore sequencing and found significant differences between
low and high methane emitter sheep, with clear clustering be-
tween groups, but using a lower number of microbial groups and
animals in the same farm with similar management practices.

Conclusions

The full metagenome compositional analysis used in this study
provided novel insights in the association between the micro-
biota and CH. emissions through differential abundance analysis,
pairwise correlation, and interaction networks. Our approach ev-
idenced a phenotypic association between microbiome composi-
tion and methane production, regardless of the challenges posed
by the microbiome complexity and the compositional nature of
the data. This association is mainly driven by the relative abun-
dance of ciliates and fungi, which carry host-specific genetic func-
tions providing substrate to the methanogenic archaea. On the
other side, we detected some bacterial groups that performed a
more efficient feed digestion, leaving less hydrogen available to
archaea and hence associated with lower methane emissions.

This study generated the largest ruminal metagenomic dataset
sequenced using ONT and grants free access to a publicly avail-
able dataset. The complexity of the rumen microbiome and the
compositional nature of their sequencing data require proper sta-
tistical methods to allow disentangling the role of microbes and
their genes in host complex traits such as methane emissions. Fu-
ture nutritional and genetic strategies to reduce CH, emissions
should focus on reducing the relative abundance of Alveolata and
Fungi in the rumen, without impairing other important metabolic
processes for an efficient feed digestion in ruminants.
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Methods
Animal housing and feeding

Our cohort included 439 Holstein lactating cows sampled at 14
different herds from northern Spain (Cantabria, Euskadi, Navarra,
and Girona regions). The animals received total mixed ration diet
differently formulated for each individual herd, although most
of them were based on maize and grass silage plus concentrate.
Cows were fed ad libitum, with concentrate supplementation in
the automatic milking station (AMS) during milking.

Methane measurement

Methane concentration was individually recorded through breath
sampling during each cow visit to the AMS (3-7 times daily) in
a period of 2-3 weeks. Eructation peaks were recorded using a
non-dispersive infrared methane detector (Guardian NG infrared
gas monitor, Edinburgh Sensors, Livingston, UK) as described by
Rey et al. [73]. Each cow’s peaks were then averaged to get a
unique methane record per cow, as described by Lopez-Paredes
et al. [74]. Animals were distributed in groups according to number
of lactation (NL) and stage of lactation (SL) criteria. Furthermore,
quartile-based qualitative categories were created for CHy record-
ings (ppm), resulting in a methane factor (CH4) with 4 levels (LOW,
L-MID, H-MID, and HIGH methane emissions).

Ruminal content sampling

Ruminal fluid was sampled using an oral tube (18 mm diameter
and 160 mm long) connected to a 1,000-mL Erlenmeyer flask and
continued to a mechanical pump (Vacubrand ME 2SI, Wertheim,
Germany), with all the material contacting the cow being carefully
cleaned between cows. Each animal was moved to an individual
stall for this process. The solid fraction of the ruminal content was
discarded by filtering through 4 layers of sterile cheesecloth, while
the outcoming liquid fraction was instantly frozen using liquid
nitrogen and then stored at —80°C until DNA extraction.

DNA extraction and sequencing

Genomic DNA was extracted from 250 ul of each thawed and
homogenized ruminal content sample, using the “DNeasy Power
Soil” commercial kit (Qiagen, Valencia, CA, USA). Qubit fluorom-
eter (ThermoFisher Scientific, Waltham, MA, USA) and Nanodrop
ND-1000 UV/Vis spectrophotometer (Nanodrop Technologies Inc.,
Wilmington, DE, USA) were used to measure DNA concentration
and purity. The 260/280 and 260/230 ratios were ~1.8 and ~2.0, re-
spectively. Oxford Nanopore Technologies (ONT) SQK-LSK109 Lig-
ation Sequencing kit was used for multiplexed sequencing in Min-
ION automatic sequencer. The 1D Native barcoding ONT kit (EXP-
NBD104 or EXP-NBD114) was used for multiplexing the samples,
pooling barcoded DNA from 12 samples for each run. Pooling was
done using a 1.5-mL DNA LoBind tube to perform adapter ligation
and sequenced using a R9.4.1 flow cell.

Read processing, mapping, and filtering

Guppy toolkit (ONT) was used for basecalling. A quality control
was then applied removing sequences with QS <7 and length
<150 bp. Sequence analysis was performed using SqueezeMeta
(SQM) pipeline for long reads [71], which performs Diamond Blastx
against GenBank nr taxonomic database and against COG and
KEGG functional databases, then identifying and annotating open
reading frames using the LCA method for taxonomy and the fun3
algorithm for functional annotation (based on e-value and iden-

tity scores). This tool is specifically designed to process long reads
from ONT.

A total of 49,718,901 reads were processed in Blastx by SQM
longreads pipeline. Blastx mapped 25,750,755 reads (51.79%) to
taxonomy (NCBI-nr database) or function (KEGG database). All se-
quences mapped as non-microbial (i.e., virus, animals, and plants)
were discarded. Microbial sequences were then filtered by preva-
lence to reduce data sparsity and sequencing errors (Supplemen-
tary Data S2). A first estimation of sample sparsity and reads dis-
tribution was assessed using R. Two animals were then withdrawn
from the filtered dataset, one owing to low read coverage and an-
other owing to lack of host information, leaving 437 animals in
the final dataset.

Genera were divided into superkingdom groups (Archaea, Bac-
teria, or Eukaryota), and KEGGs were sorted by their involvement
in methane metabolism (MP): KEGGs included in the KEGG or-
thology pathway ko00680 (Methane metabolism) were labeled as
“ko00680,” while the rest were identified as “Other.”

Compositional data

Considering the compositional nature of metagenomic data, a
CLR method [75] was applied using the unweighted option of the
CLR function from the easyCODA R package [76] as follows:

Xar = [log(x1/G (x)). log(x2/G (x)) ... log(xp/G (x))].
With G (x) = X1 #X; % . % XD.

Being x = [x1, X2,..., Xp] @ vector of counted features (taxa or
KEGGs) in 1 sample and G(x) the geometric mean of x. Count zero
values in the initial data frame were imputed through the Ge-
ometric Bayesian Multiplicative procedure, using the zComposi-
tions R package [77] cmultRepl function, so that logarithms could
be computed.

B-diversity and PERMANOVA analysis

The CLR-transformed data (at phylum, class, order, family, genus,
and KEGG levels) were used to explore g-diversity in the samples
through PCA using the prcomp function in R. Fitted smooth sur-
face of methane emissions corrected by SL and NL was included
for principal components 1 and 2 using the ordisurf function from
the vegan R package [78]. A generalized additive model smooth fit-
ting (GAM) was used to elucidate non-linear distribution of sam-
ples in PCA according to methane emissions. Differences between
centroid distances using methane as grouping variable (CH4) were
determined through PERMANOVA [79,80] following this model and
using the matrix of Aitchison distances between samples (i.e., the
Euclidean distance on CLR-transformed data) as input variable:

Dijkini = # + Bj + SLy + NL; + CH4p + €

with B; being the farm-batch effect (j = 24 levels), SL;, being the
stage of lactation at the day of sampling (k = 3 levels), NL; the
number of lactation (I= 2 levels), and CH4, the methane emission
level (n = 4 levels: LOW, L-MID, H-MID, HIGH), and ej,; was the
corresponding residual term.

Association between microbiota and methane
production

Differential abundance of genera and KEGGs between samples
regarding the different methane emissions levels was addressed
through linear regression using Limma [81]. Count normalization
and log-transformation were addressed using CLR-transformed
data as inputs. P-values were adjusted by the Benjamini-Hochberg
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method, to control the false discovery rate (FDR). Differential
abundance threshold was set to | logoFC | > 0.5 and the adjusted
significance threshold was set to & = 0.05.

Pairwise proportionality analysis

Pairwise correlations between phyla, genera, and KEGGs were cal-
culated as described in the propr R package [82]. Proportional-
ity coefficient py, [83] under CLR data transformation was chosen.
Thresholds were selected according to 2 conditions: (i) represent-
ing the maximum number of proportionalities avoiding computa-
tional issues; (ii) FDR <1%. The thresholds used were |pp| > 0.4 for
genera proportionalities and |pp| > 0.7 for KEGG proportionalities.

Microbial networks

Microbial networks for taxonomy (at the genus level) and func-
tionality were built from the proportionality matrices described
above. Input edges were defined from the cytoscape function in
the propr package in R, which converts a propr object into a data
frame of node connections compatible with Cytoscape software (v.
3.8.0). Results from the DA analyses were used to associate each
feature (node) to high or low methane emissions levels. Signifi-
cantly overabundant genera and KEGGs in the low methane emit-
ters group (i.e., more abundant in LOW than in HIGH or H-MID
groups) were designated as LOW-associated, while those on the
contrary overabundant in high methane emitters were appointed
as HIGH-associated. Non-DA features were classified as N/A (not
associated). In addition, SK and MP factors were included as node
attributes for genera and KEGGs, respectively. For graph visualiza-
tion, Kamada-Kawai algorithm (edge-weighted spring embedded
layout) was set [84], using pp, coefficient as force parameter.

Data Availability

The raw data underlying this article are available at the ENA
website and can be accessed with bioproject accession No. PR-
JNA789746 [85] . The filtered sequences in fastq format and their
metadata are available from the GigaScience database [86]. Other
data can be requested from the METALGEN project [87].

SqueezeMeta software is available at [88]. Guppy basecaller
software was used to convert fast5 raw signals to fastq files [89].
The R environment and packages used are available from [90]. Cor-
respondence and material requests should be addressed to O.G.R.
Other data further supporting this work (including methane mea-
surements) are openly available in the GigaScience repository, Gi-
gaDB [86].

Additional Files

Supplementary Figure S1. Feature counts distribution. Features
with zero counts, singletons, doubletons and 3 or more counts per
sample. A) Count distribution in raw taxonomy table (87% spar-
sity); B) Count distribution in filtered taxonomy table (68% spar-
sity); C) Count distribution in raw KEGG table (72% sparsity); D)
Count distribution in filtered KEGG table (39% sparsity). Filtering
processes removed less than 1% of total reads in both datasets.

Supplementary Figure S2. Phyla relative abundance per sample.
Samples are sorted from lowest to highest RA of Bacteroidetes.

Supplementary Data S1. Differential Abundance of genera and
KEGGs. Tables containing significant differentially abundant (DA)
genera and KEGGs for methane emissions levels. Contrast.AvsB
column represents the CH4 levels for which the feature is signif-
icantly DA. Grp.A and Grp.B columns represent the average num-
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ber of reads per contrast group. For KEGGs, Association column
shows if the specific KEGG participates in methanogenesis path-
way (k00680) (Methane) or not (Others).

Supplementary Data S2. Additional methods. Detailed informa-
tion about the taxonomy and prevalence filters applied to mapped
reads.

Abbreviations

AMS: automatic milking station; BLAST: Basic Local Alignment
Search Tool; bp: base pairs; CLR: centered log-ratio; DA: differen-
tial abundance; FC: fold change; FDR: false discovery rate; GAM:
generalized additive model; KEGG: Kyoto Encyclopedia of Genes
and Genomes; LCA: last common ancestor; NADH: nicotinamide
adenine dinucleotide; NCBI: National Center for Biotechnology In-
formation; OA: overabundance; ONT: Oxford Nanopore Technolo-
gies; PCA: principal component analysis; PERMANOVA: permuta-
tional analysis of variance; RA: relative abundance.

Ethics Statement

This study was conducted in accordance with Spanish Royal De-
cree 53/2013 for the protection of animals used for experimental
and other scientific purposes and was approved by the Basque In-
stitute for Agricultural Research and Development Ethics Com-
mittee (Neiker-OEBA-2017-004) on 28 March 2017.

Competing Interests

The authors state that they have no competing interests.

Funding

This research was financed by RTA2015-00022-C03-02 (METAL-
GEN) project from the National Plan of Research, Development
and Innovation 2013-2020 and the Department of Economic
Development and Competitiveness (Madrid, Spain). A.L.G. was
funded by FPI-INIA grant with reference FPI-SGIT2016-06.

Authors’ Contributions

AL.G. and A.SM. filtered and prepared the data, implemented the
statistical analyses, and prepared the data visualization and the
first draft of the manuscript. M.G.R. and C.G. performed the DNA
extraction and sequencing. O.G.R. supervised the DNA sequenc-
ing and contributed to the statistical analyses. R.C. contributed
to develop interaction networks. O.G.R., A.GR.,, R.A,, and L.G. con-
ceived the study and designed the experiments. O.G.R., A.GR,,
JJM., C.0. and M.S. contributed to the acquisition of funding and
resources. J.T. and F.P.S. developed the computational pipelines for
the metagenome and assisted on its analyses. A.L.G., A.SM., and
O.G.R. wrote the manuscript. All authors helped writing and con-
figuring the last version of the manuscript.

Acknowledgments

We thank the regional Holstein Associations and farmers col-
laborating in the project. Computational support from the High-
Performance Computing Centre in Galicia (CESGA, Spain) is ac-
knowledged.

Z2z0z Aenuga4 9| uoisenb Aq /zZ61159/8800eIB/e0usi0sebIB/SE0 L 01 /I0p/alonie/eousioselib/woo dnoolweapeose//:sdily wolj papeojumoq



12

| GigaScience, 2022, Vol. 11, No. 1

References

1.

10.

11.

12.

13.

14.

15.

16.

Wang, B, Yao, M, Lv, L, et al. The human microbiota
in health and disease. Engineering 2017;3(1):71-82.
doi:10.1016/J.ENG.2017.01.008

Delgado, B, Bach, A, Guasch, I, et al. Whole rumen metagenome
sequencing allows classifying and predicting feed efficiency and
intake levels in cattle. Sci Rep 2019;9(1): doi:10.1038/s41598-018-
36673-w.

Difford, GF, Plichta, DR, Lgvendahl, P, et al. Host genetics
and the rumen microbiome jointly associate with methane
emissions in dairy cows. PLoS Genet 2018;14(10):e1007580.
doi:10.1371/journal.pgen.1007580

Weimer, PJ. Redundancy, resilience, and host specificity
of the ruminal microbiota: Implications for engineering
improved ruminal fermentations. Microbiol 2015;6:
doi:10.3389/fmicb.2015.00296.

Knapp, JR, Laur, GL, Vadas, PA, et al. Invited review: En-
teric methane in dairy cattle production: Quantifying the
opportunities and impact of reducing emissions. J Dairy Sci
2014;97(6):3231-61. doi:10.3168/JDS.2013-7234

Gerber, PJ, Steinfeld, H, Mottet, O, et al. Tackling climate change
through livestock. A global assessment of emissions and mitiga-
tion opportunities. In: Rome, Italy: Food and Agriculture Organi-
zation of the United Nations (FAO); http://www.fao.org/3/a-i343
7e.pdf. 2013. Accessed 5 January 2022.

Food and Agriculture Organization of the United Nations (FAO).
Global Livestock Environmental Assessment Model (GLEAM). http://
www.fao.org/gleam/results/en/. 2019. Accessed 4 August 2021.
Martinez-Alvaro, M, Auffret, MD, Stewart, RD, et al. Identi-
fication of complex rumen microbiome interaction within
diverse functional niches as mechanisms affecting the
variation of methane emissions in bovine. Front Microbiol
2020;11:doi:10.3389/fmicb.2020.00659.

Malmuthuge, N, Guan, LL. Understanding host-microbial inter-
actions in rumen: Searching the best opportunity for microbiota
manipulation.] Anim Sci Biotechnol 2017;8(1): doi:10.1186/540104-
016-0135-3.

Negussie, E, de Haas, Y, Dehareng, F, et al. Invited review:
Large-scale indirect measurements for enteric methane emis-
sions in dairy cattle: A review of proxies and their poten-
tial for use in management and breeding decisions. J Dairy Sci
2017;100(4):2433-53. doi:10.3168/jds.2016-12030

Gloor, GB, Macklaim, JM, Pawlowsky-Glahn, V, et al. Microbiome
datasets are compositional: And this is not optional. Front Micro-
biol 2017;8: d0i:10.3389/fmicb.2017.02224.

Liu, YX, Qin, Y, Chen, T, et al. A practical guide to ampli-
con and metagenomic analysis of microbiome data. Protein Cell
2021;12(5):315-30. doi:10.1007/513238-020-00724-8

Bonk, F, Popp, D, Harms, H, et al. PCR-based quantifica-
tion of taxa-specific abundances in microbial communities:
Quantifying and avoiding common pitfalls. J Microbiol Methods
2018;153:139-47. d0i:10.1016/J.MIMET.2018.09.015

Brandt, C, Bongcam-Rudloff, E, Miller, B. Abundance tracking by
long-read nanopore sequencing of complex microbial commu-
nities in samples from 20 different biogas/wastewater plants.
Appl Sci 2020;10(21):7518. doi:10.3390/app10217518

Burki, F, Shalchian-Tabrizi, K, Minge, M, et al. Phylogenomics
reshuffles the eukaryotic supergroups. PLoS One 2007;2(8):e790.
doi:10.1371/journal.pone.0000790

Kanehisa, M, Goto, S. KEGG: Kyoto Encyclopedia of
Genes and Genomes. Nucleic Acids Res 2000;28(1):27-30.
doi:10.1093/nar/28.1.27

Front

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

Kanehisa, M. Toward understanding the origin and evolu-
tion of cellular organisms. Protein Sci 2019;28(11):1947-51.
doi:10.1002/pro.3715

Kanehisa, M, Sato, Y, Furumichi, M, et al. New approach for
understanding genome variations in KEGG. Nucleic Acids Res
2019;47(D1):D590-5. doi:10.1093/nar/gky962

Lovell, D, Pawlowsky-Glahn, V, Egozcue, JJ, et al. Proportionality:
A valid alternative to correlation for relative data. PLoS Comput
Biol 2015;11(3):e1004075. doi:10.1371/journal.pcbi.1004075
Wallace, RJ, Sasson, G, Garnsworthy, PC, et al. A herita-
ble subset of the core rumen microbiome dictates dairy
cow productivity and emissions. Sci Adv 2019;5(7):eaav8391.
doi:10.1126/sciadv.aav8391

Shah, HN, Collins, DM. Prevotella, a new genus to include Bac-
teroides melaninogenicus and related species formerly classified
in the genus Bacteroides. Int J Syst Bacteriol 1990;40(2):205-8.
doi:10.1099/00207713-40-2-205

Pitta, DW, Pinchak, WE, Dowd, SE, et al. Rumen bacterial di-
versity dynamics associated with changing from bermudagrass
hay to grazed winter wheat diets. Microb Ecol 2010;59(3): 511-22.
doi:10.1007/500248-009-9609-6

Lee, HJ, Jung, JY, Oh, YK, et al. Comparative survey of rumen mi-
crobial communities and metabolites across one caprine and
three bovine groups, using bar-coded pyrosequencing and 1H
nuclear magnetic resonance spectroscopy. Appl Environ Microbiol
2012;78(17):5983-93. doi:10.1128/AEM.00104-12

Lopes, LD, de Souza Lima, AO, Taketani, RG, et al. Exploring
the sheep rumen microbiome for carbohydrate-active enzymes.
Antonie Van Leeuwenhoek 2015;108(1):15-30. doi:10.1007/s10482-
015-0459-6

Li, J, Zhong, H, Ramayo-Caldas, Y, et al. A catalog of micro-
bial genes from the bovine rumen unveils a specialized and
diverse biomass-degrading environment. Gigascience 2020;9(6):
doi:10.1093/gigascience/giaa057.

Seshadri, R, Leahy, SC, Attwood, GT, et al. Cultivation and
sequencing of rumen microbiome members from the
Hungate1000 Collection. Nat Biotechnol 2018;36(4):359-67.
doi:10.1038/nbt.4110

Crespo-Piazuelo, D, Estellé, ], Revilla, M, et al. Characterization
of bacterial microbiota compositions along the intestinal tract
in pigs and their interactions and functions. Sci Rep 2018;8(1):
doi:10.1038/s41598-018-30932-6.

Han, GG, Lee, JY, Jin, GD, et al. Tracing of the fecal microbiota of
commercial pigs at five growth stages from birth to shipment.
Sci Rep 2018;8(1):6012. doi:10.1038/541598-018-24508-7
Ransom-Jones, E, Jones, DL, McCarthy, AJ, et al. The Fibrobac-
teres: An important phylum of cellulose-degrading bacteria. Mi-
crob Ecol 2012;63(2):267-81. doi:10.1007/s00248-011-9998-1
Newbold, CJ, De la Fuente, G, Belanche, A, et al. The role
of ciliate protozoa in the rumen. Front Microbiol 2015;6:1313.
doi:10.3389/fmicb.2015.01313

Williams, AG, Coleman, GS. The rumen microbial ecosystem.
In: PN Hobson, GS Coleman, eds. The Rumen Protozoa. Dordrecht:
Springer; 1997: doi:10.1007/978-94-009-1453-7_3.

Johnson, HP. A contribution to the morphology and
biology of the Stentors. ] Morphol 1893;8(3):467-562.
doi:10.1002/jmor.1050080303

Tartar, V. The Biology of Stentor. Oxford, London, New York, Paris:
Pergamon; 1961. doi:10.1016/c2013-0-01654-4

Wichterman, R. The Biology of Paramecium. New York: Springer;
1986. d0i:10.1007/978-1-4757-0372-6

. Cavalier-Smith, T. The neomuran origin of archaebacteria,

the negibacterial root of the universal tree and bacterial

zz0z Aenuga4 9| uo 1sanb Aq 2z61159/880qe16/20us10sEBI6/SE0 1 "0 1 /I0p/aj01e/20ualosehif/woo dno-olwapeoe//:sdyy wolj papeojumoq



36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

megaclassification. Int J Syst Evol Microbiol 2002;52(1):7-76.
doi:10.1099/00207713-52-1-7

Poulsen, M, Schwab, C, Borg Jensen, B, et al. Methylotrophic
methanogenic Thermoplasmata implicated in reduced
methane emissions from bovine rumen. Nat Commun 2013;4(1):
doi:10.1038/ncomms2432.

Santos E de, O, Thompson, F. et al.. The family Succinivibri-
onaceae. In: E Rosenberg, EF Delong, S Lory, eds. The Prokary-
otes: Gammaproteobacteria. Berlin, Heidelberg: Springer; 2014:
doi:10.1007/978-3-642-38922-1_368.

Gomez-Gil, B, Thompson, CC, Matsumura, Y, et al. The fam-
ily vibrionaceae. In: E Rosenberg, EF DeLong, S Lory, eds. The
Prokaryotes: Gammaproteobacteria. Berlin, Heidelberg: Springer.
doi:10.1007/978-3-642-38922-1_225

Ivanova, EP, Ng, HJ, Webb, HK, et al. The family Pseudoal-
teromonadaceae. In: E Rosenberg, EF DeLong, S Lory, eds. The
Prokaryotes: Gammaproteobacteria. Berlin, Heidelberg: Springer.
doi:10.1007/978-3-642-38922-1_229

. In: Marchandin, H, Jumas-Bilak, E. Rosenberg, E, DeLong, EF,
Lory, S et al. The family Veillonellaceae, eds. The Prokaryotes:
Firmicutes and Tenericutes. Berlin, Heidelberg: Springer; 2014:
doi:10.1007/978-3-642-30120-9_361.

Shah, HN, Collins, MD. Reclassification of Bacteroides mul-
tiacidus&nbsp;(Mitsuoka, Terada, Watanabe and Uchida) in a new
genus Mitsuokella, as Mitsuokella multiacidus comb. nov. Zentral-
blatt fur Bakteriol Angew und Okol Microbiol Abtl OrigC Hyg 1982:
doi:10.1016/S0721-9571(82)80006-9.

Kittelmann, S, Pinares-Patifio, CS, Seedorf, H, et al. Two dif-
ferent bacterial community types are linked with the Low-
Methane emission trait in sheep. PLoS One 2014;9(7): €103171.
doi:10.1371/JOURNAL.PONE.0103171

Wallace, RJ, Rooke, JA, Duthie, CA, et al. Archaeal abundance in
post-mortem ruminal digesta may help predict methane emis-
sions from beef cattle. Sci Rep 2014;4:5892. d0i:10.1038/srep05892
Morgavi, DP, Martin, C, Jouany, JP, et al. Rumen protozoa and
methanogenesis: Not a simple cause-effect relationship. Br J
Nutr 2012;107(3):388-97. doi:10.1017/50007114511002935

Tapio, I, Snelling, TJ, Strozzi, F, et al. The ruminal microbiome
associated with methane emissions from ruminant livestock. J
Anim Sci Biotechnol 2017;8(1): doi:10.1186/s40104-017-0141-0.
Danielsson, R, Dicksved, J, Sun, L, et al. Methane produc-
tion in dairy cows correlates with rumen methanogenic
and bacterial community structure. Front Microbiol 2017;8:
doi:10.3389/fmicb.2017.00226.

Shi, W, Moon, CD, Leahy, SC, et al. Methane yield phe-
notypes linked to differential gene expression in the
sheep rumen microbiome. Genome Res 2014;24(9):1517-25.
doi:10.1101/gr.168245.113

Wallace, RJ, Rooke, JA, McKain, N, et al. The rumen micro-
bial metagenome associated with high methane production
in cattle. BMC Genomics 2015;16(1): doi:10.1186/s12864-015-
2032-0.

Aguinaga Casafias, MA, Rangkasenee, N, Krattenmacher, N,
et al. Methyl-coenzyme M reductase A as an indicator to
estimate methane production from dairy cows. J Dairy Sci
2015;98(6):4074-83. doi:10.3168/jds.2015-9310

Janssen, PH, Kirs, M. Structure of the archaeal commu-
nity of the rumen. Appl Environ Microbiol 2008;74(12):3619-25.
doi:10.1128/AEM.02812-07

Newbold, CJ, Lassalas, B, Jouany, JP. The importance of
methanogens associated with ciliate protozoa in ruminal
methane production in vitro. Lett Appl Microbiol 1995;21(4):230-4.
doi:10.1111/j.1472-765X.1995.tb01048.x

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

Cattle rumen microbes and methane emissions | 13

Qin, WZ, Li, CY, Kim, JK, et al. Effects of defaunation
on fermentation characteristics and methane production
by rumen microbes in vitro when incubated with starchy
feed sources. Asian-Australas ] Anim Sci 2012;25(10):1381-8.
doi:10.5713/ajas.2012.12240

Schonhusen, U, Zitnan, R, Kuhla, S, et al. Effects of proto-
zoa on methane production in rumen and hindgut of calves
around time of weaning. Arch Anim Nutr 2003;57(4):279-95.
doi:10.1080/00039420310001594423

Guyader, J, Eugene, M, Noziere, P, et al. Influence of
rumen protozoa on methane emission in ruminants:
a meta-analysis approach. Animal 2014;8(11):1816-25.
doi:10.1017/S1751731114001852

Belanche, A, de la Fuente, G, Newbold, CJ. Study of methanogen
communities associated with different rumen protozoal popu-
lations. FEMS Microbiol Ecol 2014;90(3):663-77. doi:10.1111/1574-
6941.12423

Hackstein, JHP, de Graaf, RM. Anaerobic ciliates and their
methanogenic endosymbionts. In: JHP Hackstein, ed.
(Endo)symbiotic Methanogenic Archaea. 2nd ed. Cham: Springer;
2018: d0i:10.1007/978-3-319-98836-8_2.

Roopnarain, A, Mukhuba, M, Adeleke, R, et al. Biases dur-
ing DNA extraction affect bacterial and archaeal community
profile of anaerobic digestion samples. 3 Biotech 2017;7(6):375.
doi:10.1007/s13205-017-1009-x

Esquivel-Elizondo, S, Ilhan, ZE, Garcia-Pena, EI, et al. In-
sights into butyrate production in a controlled fermen-
tation system via gene predictions. mSystems 2017;2(4):
doi:10.1128/msystems.00051-17.

Crable, BR, Plugge, CM, McInerney, MJ, et al. Formate formation
and formate conversion in biological fuels production. Enzyme
Res 2011;2011:532536. doi:10.4061/2011/532536

Hao, L, Michaelsen, TY, Singleton, CM, et al. Novel syn-
trophic bacteria in full-scale anaerobic digesters revealed by
genome-centric metatranscriptomics. ISME ] 2020;14(4):906-18.
doi:10.1038/541396-019-0571-0

Brown, TDK, Jones-Mortimer, MC, Kornberg, HL. The enzymic in-
terconversion of acetate and acetyl-coenzyme A in Escherichia
coli. ] Gen Microbiol 1977;102(2):327-36. do0i:10.1099/00221287-
102-2-327

Xie, M, Chen, HH, Nie, SP, et al. Gamma-aminobutyric acid
increases the production of short-chain fatty acids and de-
creases pH values in mouse colon. Molecules 2017;22(4):653.
doi:10.3390/molecules22040653

Graham, DE. 2-oxoacid metabolism in methanogenic CoM
and CoB biosynthesis. Methods Enzymol 2011;494:301-26.
doi:10.1016/B978-0-12-385112-3.00015-9

Kluber, HD, Conrad, R. Effects of nitrate, nitrite, NO and N20 on
methanogenesis and other redox processes in anoxic rice field
soil. FEMS Microbiol Ecol 2006;25(3):301-18. d0i:10.1111/j.1574-
6941.1998.tb00482.x

Yang, C, Rooke, JA, Cabeza, I, et al. Nitrate and inhibition of rumi-
nal methanogenesis: Microbial ecology, obstacles, and opportu-
nities for lowering methane emissions from ruminant livestock.
Front Microbiol 2016;7: doi:10.3389/fmicb.2016.00132.

Lee, C, Beauchemin, KA. Une revue de l'ajout de nitrate dans
I'alimentation des ruminants : Toxicité aux nitrates, émissions
de méthane et performance de production. Can J Anim Sci
2014;94(4):557-70. doi:10.4141/CJAS-2014-069

Cui, X. The bacteriocidal effects of transition metal complexes
containing the NO+ group on the food-spoilage bacterium
Clostridium sporogenes. FEMS Microbiol Lett 1992;98(1-3):67-70.
doi:10.1016/0378-1097(92)90133-9

zz0z Aenuga4 9| uo 1sanb Aq 2z61159/880qe16/20us10sEBI6/SE0 1 "0 1 /I0p/aj01e/20ualosehif/woo dno-olwapeoe//:sdyy wolj papeojumoq



14

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

18

| GigaScience, 2022, Vol. 11, No. 1

Zumft, WG. The biological role of nitric oxide in bacteria. Arch
Microbiol 1993;160(4):253-64. d0i:10.1007/BF00292074

Reed, B, Dinn, J, McCann, S, et al. Alterations in mammalian cells
induced by inactivation of vitamin B12 with nitrous oxide. In: B
Zagalak, B Friedrich, eds. Vitamin B12. Proceedings of the 3rd Eu-
ropean Symposium on Vitamin B12 and Intrinsic Factor Ziirich: De
Gruyter; 1979: doi:10.1515/9783111510828-120.

Kliiber, HD, Conrad, R. Inhibitory effects of nitrate, nitrite, NO
and N20 on methanogenesis by Methanosarcina barkeri and
Methanobacterium bryantii. FEMS Microbiol Ecol 1998;25(4):331-9.
doi:10.1111/j.1574-6941.1998.tb00484.x

Tamames, ], Puente-Sanchez, F. SqueezeMeta, a highly portable,
fully automatic metagenomic analysis pipeline. Front Microbiol
2019;9: doi:10.3389/fmicb.2018.03349.

Stewart, RD, Auffret, MD, Warr, A, et al. Compendium of 4,941 ru-
men metagenome-assembled genomes for rumen microbiome
biology and enzyme discovery. Nat Biotechnol 2019;37(8):953-61.
doi:10.1038/s41587-019-0202-3

Rey, J, Atxaerandio, R, Ruiz, R, et al. Comparison between non-
invasive methane measurement techniques in cattle. Animals
2019;9(8):563. doi:10.3390/ani9080563

Lopez-Paredes, J, Goiri, I, Atxaerandio, R, et al. Mitigation of
greenhouse gases in dairy cattle via genetic selection: 1. Ge-
netic parameters of direct methane using noninvasive meth-
ods and proxies of methane. J Dairy Sci 2020;103(8):7199-7209.
doi:10.3168/jds.2019-17597

Aitchison, J. The statistical analysis of compositional data.J R
Stat Soc Ser B 1982: doi:10.1111/j.2517-6161.1982.tb01195 .x.
Greenacre, M. Compositional Data Analysis in Practice. Chapman &
Hall/CRC; 2018. d0i:10.1201/9780429455537

Palarea-Albaladejo, J, Martin-Fernandez, JA. ZCompositions - R
package for multivariate imputation of left-censored data under
a compositional approach. Chemometr Intell Lab Syst 2015;143:85—
96.d01:10.1016/j.chemolab.2015.02.019

Oksanen, J, Blanchet, FG, Friendly, M, et al. vegan: Community Ecol-
ogy Package. R package version 2.5-6. https://CRAN.R-project.org/p
ackage=vegan. 2019. Accessed 5 January 2022

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

Anderson, MJ. A new method for non-parametric multi-
variate analysis of variance. Austral Ecol 2001;26(1):32-46.
doi:10.1111/§.1442-9993.2001.01070.pp.x

McArdle, BH, Anderson, MJ. Fitting multivariate models to
community data: A comment on distance-based redun-
dancy analysis. Ecology 2001;82(1):290-7. doi:10.1890/0012-
9658(2001)082[0290:FMMTCD]2.0.CO;2

Ritchie, ME, Phipson, B, Wu, D, et al. limma powers differ-
ential expression analyses for RNA-sequencing and microar-
ray studies. Nucleic Acids Res 2015;43(7):e47. doi:10.1093/nar/
gkv007

Quinn, TP, Richardson, MF, Lovell, D, et al. Propr: An R-package
for identifying proportionally abundant features using compo-
sitional data analysis. Sci Rep 2017;7(1): doi:10.1038/s41598-017-
16520-0.

Erb, I, Notredame, C. How should we measure proportionality on
relative gene expression data? Theor Biosci 2016;135(1-2): 21-36.
doi:10.1007/s12064-015-0220-8

Kamada, T, Kawai, S. An algorithm for drawing general undi-
rected graphs. Inf Process Lett 1989;31(1):7-15. doi:10.1016/0020-
0190(89)90102-6

ENA project for metagenome data. https://www.ebi.ac.uk/ena/brow
ser/view/PRJNA789746. Accessed 5 January 2022.

Lopez-Garcia, A, Saborio-Montero, A, Gutiérrez-Rivas, M, et al.
Supporting data for “Fungal and ciliate protozoa are the main
rumen microbes associated with methane emissions in dairy
cattle.” GigaScience Database 2021. http://dx.doi.org/10.5524/100
950.

METALGEN project. https://www.metalgen.es. Accessed 5 January
2022.

SqueezeMeta software. https://github.com/jtamames/SqueezeM
eta. Accessed 5 January 2022.

Guppy Basecaller software. https://community.nanoporetech.com
/downloads. Accessed 5 January 2022.

CRAN package repository. https://cran.r-project.org/. Accessed 5
January 2022.

zz0z Aenuga4 9| uo 1sanb Aq 2z61159/880qe16/20us10sEBI6/SE0 1 "0 1 /I0p/aj01e/20ualosehif/woo dno-olwapeoe//:sdyy wolj papeojumoq



Chapter 6: General discussion

125






CHAPTER 6: GENERAL DISCUSSION

6.1. Recapitulation

In this thesis, the work undertaken was focused on testing different methodological strategies to
evaluate the relationships of microbiota with interesting phenotypic traits of livestock species. An
amplicon sequencing approach has been used for characterizing the faecal microbiota of pigs from
different breeds (Duroc and Iberian) fed diets differing in oleic acid content. The goal of this
experiment was to explore the effects of genetic background and monounsaturated fatty acid
supplementation on gut microbiota, in the context of the Iberian pig rearing systems, which involves
crossbreeding with Duroc and diet modulation to imitate montanera. Preliminarily, an additional
experiment to select the optimal bioinformatic procedure for post-processing of amplicon sequences
was done, testing the most used amplicon reference databases (GreenGenes and SILVA) and pipelines
(QIIME and Mothur). On the other hand, full metagenome sequencing using ONT long reads has been
used to characterize the rumen microbiota of a large population of Spanish Holstein dairy cows. This
third experiment is an exploratory approach aiming at the identification of the rumen microbes whose

abundance and/or metabolic activity are highly associated with methane production.

Furthermore, the compositional nature of microbiota data has been taken into account for downstream
statistical analysis. This approach is rarely applied in microbiome analysis, which makes this research
innovative and offers an alternative to classical statistical approaches that might lead to

misinterpretation of the results.

6.2. Comparing pipelines for amplicon sequencing analysis

The first study (Chapter 3) compares popular AS post-processing pipelines and reference databases to
test their clustering and classification performance. The current comparison was useful to determine
the major factor conditioning AS post-processing. Even though it was observed that the database is
considerably important for getting a correct microbial identification, with SILVA notably overcoming
GreenGenes, the pipeline chosen was less decisive. Although Mothur seemed able to detect rarer OTUs
in higher depth than QIIME, differences were less pronounced than those attributed to the reference
database. Moreover, the lack of an available mock community for RM composition impeded to assess

which composition is closer to the reality.

Current knowledge points to significant differences between pipelines, although no consensus has been
reached about which one performs better. Background information is scarce, and generally reports the
existence of differences between pipelines, though these differences do not seem critical. Plummer et
al. analysed human GM data, comparing MG-RAST, Mothur and QIIME old version and using SILVA
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database. They report similar and comparable results between pipelines, detecting similar abundances
for frequent phyla, although more differences were found at genus level. QIIME and Mothur resulted
more powerful than MG-RAST (Plummer et al., 2015). Allali et al. compared different sequencing
platforms combined with either several QIIME approaches (both de novo and open-reference OTU-
picking), UPARSE or DADA2, in Salmonella-infected chicken. They concluded that both sequencing
platform and bioinformatic pipeline are important sources of variation, though platform is a more
important factor (Allali et al., 2017). However, the utilization of GreenGenes database might be a
major issue, since, as we observed, differences are more substantial when this database is used, in
contrast to SILVA.

On the other hand, the recent paradigm shift from OTU to ASV clustering has resulted in a
reconversion of these pipelines, with the implementation of QIIME2 and the updating of Mothur,
among others. Although, as formerly said, OTU approach is still valid, current research trends to ASV
analysis. Following this trend, recent comparative research has been done, mostly for human
microbiota. Prodan et al. used HMP data for comparing six different pipelines, three using OTUs
(QIME, Mothur and UPARSE) and three using ASVs (DADA2, QIIME2-Deblur and UNOISE3),
including also a mock community. This work reported QIIME to produce spurious OTUs, however,
QIIME was run using GreenGenes while the other OTU-picking tools used SILVA, thus the bias from
different databases was not taken into account (Prodan et al., 2020). Another study was carried out
by Marizzoni et al., comparing two ASV pipelines (QIIME2 and Bioconductor) and two OTU
pipelines (Mothur and UPARSE), where they reported significant differences in read assignment and
taxa richness and relative abundance, with a higher diversity in ASV pipelines (Marizzoni et al.,
2020). This conclusion is interesting, since it might be caused either by a wrong OTU assignment of
distinct genera or by an overestimation due to ASV false positives. Based on these findings, new
comparisons for both ruminal and faecal microbiota are necessary to inquire if new ASV-generating
pipelines are equally valid, for which building the corresponding mock communities would be

mandatory.

6.3. Association of pig gut microbiota composition with host genotype and diet

The second study (Chapter 4) focuses on the differences in faecal microbiota composition between
Duroc and Iberian pigs, fed diets differing in energy source (carbohydrates vs oleic acid). This work
was done under an AS approach, using V3-V4 regions of 16S rRNA gene.

As mentioned, the first study covered in this thesis was used as a guide to select the best procedure for

sequence processing in future AS experiments. In agreement with these previous results, SILVA
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reference database was the most logical choice, whereas the pipeline selection was less clear. While
Mothur possesses high plasticity and a good quality control protocol, QIIME has a simpler
implementation and performs better regarding time and memory consumption. On the other hand,
according to previous background and the reported results, we found no reasonable justification for
rejecting QIIME as a valid pipeline. However, closed-reference OTU-picking has been repeatedly
stated as the less optimal solution due to its lower assignment rate — as it entirely depends on the
reference database completeness — and its higher identity bias (Bhat et al., 2019). For these reasons,
the final choice was QIIME pipeline with de novo OTU-picking.

The first relevant conclusion withdrawn from this experiment is that genotypic background has an
important influence on GM composition. Further analyses have revealed that Iberian and Duroc pigs
seem largely differentiated in overall proportion of primary fermenters, with a high weight from
Prevotella OTUs, which represent an overall RA of 30% in Duroc against a 21% in Iberian pigs. From
a compositional perspective, other genera log-ratios differing between Duroc and Iberian pigs have
been found, such as the ratios Bifidobacterium/Ruminiclostridium (higher in Duroc pigs) or
Anaerostipes/Bifidobacterium (lower in Duroc pigs). Hence, breed differences might be attributed to
the combination of two factors: a different genetic background, and a different transition rate from pre-
weaning to adult microbial composition. Both the overall OTU alpha-diversity and the relative
abundance of core genera, such as Prevotella, might be related to the animal metabolic characteristics
and/or resilience (EImqvist et al., 2003), either as a cause or as a consequence. Accordingly, Iberian
pigs possess higher OTU richness, less Prevotella and more abundance of alternative fibre fermenters
such as Treponema, Alloprevotella and Ruminiclostridium (Downes et al., 2013; Norris et al., 2015;
Wu & Cheng, 2015). However, it is remarkable that the abundance of total fibre fermenters is lower
in Iberian pigs, which could lead to a lower digestibility. On the other hand, Escherichia-Shigella and
Bifidobacterium, usually appearing on early stages of colonization (Mach et al., 2015; Fouhse et al.,

2016), are practically absent in Iberian pigs, which might reflect a faster microbial transition.

The different diets supplied had a smaller impact on microbiota composition than the breed, which
reveals that these specific diet modifications are not strong enough to trigger relevant shifts in
microbiota composition. Since diet is understood as a crucial factor for gut microbiomes, the smaller
effect on microbial composition compared to genetic background might result unexpected. In addition,
it must be taken into account that dietary oleic acid increase required a fibre adjustment to maintain a
similar energy content than control diet. For this reason, while high-oleic/high-fibre (HO/HF) diet did
not have a significant impact on total species richness and evenness, it did for the abundance of fibre
fermenters. Indeed, though the total abundance of fibre fermenters was not stimulated by the dietary
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fibre increase, the abundance of some specific clades was different between animals fed control or
HO/HF diets. For instance, overall Prevotella abundance tended to be lower in animals fed HO/HF
diet, although several Prevotella OTUs resulted significantly over-abundant in HO/HF group. Despite
sounding contradictory, this fact can be related to the expansion of other competitors performing the
same role, such as Treponema or Ruminococcus, which are present in lower abundance than Prevotella
but seem to proliferate in HO/HF animals. This involves in turn a potential positive effect on alpha-
diversity, as Shannon and Simpson indices showed higher average values in HO/HF diet, though
differences were not significant. Interestingly, the additional supply of oleic acid and fibre also seem
to have an effect on the abundances of early colonizers. As stated before, Escherichia-Shigella and
Bifidobacterium are only present in Duroc pigs, but their distribution is not even, since they mainly
appear in HO/HF pigs. This breed-diet interaction effect for Bifidobacterium abundance could be
related to the occupation level of the different ecological niches by other specialized microbes. Duroc
animals possess a higher abundance of fibre fermenters than Iberians, while the HO/HF diet would
make more oligosaccharides available, thereby allowing bifidobacteria to survive in late life stages, as
they can utilize simple sugars as well (Pokusaeva et al., 2011). Meanwhile, Iberian pigs possess higher
abundance of oligosaccharide fermenters such as Anaerostipes (Bui et al., 2019), which fill this niche
and replace the bifidobacteria. As for Escherichia-Shigella, they are opportunistic facultative
anaerobes which establish in pre-weaning stages, triggering pathogenic activity if early dysbiosis
occurs (Mach et al., 2015). Its increased abundance in Duroc animals fed HO/HF remains unclear,
and further research is needed to clarify it.

Other breed-diet interactions were found as well, mostly for OTUs classified as Corynebacterium,
Lactobacillus, Treponema and several Ruminococcaceae and Muribaculaceae genera. Regarding
lactobacilli, former works have reported somewhat contradictory results. Some studies reported a
higher abundance of lactobacilli in lean pigs fed diets rich in soluble sugars: Petry et al. observed that
progeny of Camborough gilts fed xylanase supplementation, which release arabinoxylane-
oligosaccharides, had more abundance of Lactobacillus (Petry et al., 2021); Pan et al. observed the
same in Duroc x Landrace x Yorkshire pigs supplemented with xylo-oligosaccharides (Pan et al.,
2019); also, Tian et al. observed that Duroc x Landrace x Yorkshire pigs fed fibre-free diets had more
Lactobacillus than those fed diets containing different types of fibre (Tian et al., 2017). However,
other studies reported that lean or fatty pigs (Ossabaw or German Landrace x Piétrain) fed low-fat and
high-fibre diets have shown higher abundance of Lactobacillus (Pedersen et al., 2013; Heinritz et al.,
2016). In the present experiment, several Lactobacillus OTUs are more abundant in HO/HF group, but
only in the fatty Iberian pigs, while its abundance is higher — with a more marked difference — in
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control-fed Duroc pigs, which are
leaner (Figure 15). These results
are difficult to interpret, but agree
with most of the previous findings,
and may be explained by complex
genotype X diet interactions, which
occur both in these previous studies
and in the current experiment. For a
bigger challenge, different
Lactobacillus strains are more
adapted to diets rich in specific
sugars, and might be associated
either to obesity or to weight gain

protection (Drissi et al., 2014).

Since our experiment cannot discern to strain level, the specific metabolism of the Lactobacillus OTUs

found cannot be fully accounted. As for Corynebacterium, HO/HF diet increased their relative

abundance in Duroc pigs, but decreased or kept it at minimum in lberian pigs, opposite to the

interaction effect for lactobacilli (Figure 16). Several studies have stated a negative correlation

between the abundance of Lactobacillus and Corynebacterium (Zhang et al., 2019; Duarte & Kim,

2021). These qualitative interactions require additional research, as both genera are important for

volatile fatty acid or amino acid

bioavailability, which could
explain part of the differences in
protein and fat deposition (Jiao
et al.,, 2020), as well as in
general metabolism, between

breeds.
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between diets with different fibre content. These new pairwise ratios should be considered together
with those reported in Chapter 4 for further experiments, as these OTUs and/or genera could potentially

explain most of the microbiota-associated phenotypic variability in Iberian and Duroc pigs.

Regarding the association between pig productive traits and GM composition, a previous study carried
out by Benitez et al. collects the differences in performance and fat composition in the same Iberian
and Duroc population (Benitez et al., 2018). They reported a higher average feed intake in Iberian pigs
compared to Duroc, which might result in higher differences in the relative intake of sugar/fibre
between diet groups within Iberian pigs, compared to Duroc group, thus explaining differential
responses to diet and interactions in differential abundance of fibre fermenters. Also, previously
reported variations in FA composition due to dietary changes are in consonance with abundance
variations for some bacteria, though only within the Iberian group. For instance, several OTUs
classified as fibre fermenters (Prevotellaceae, Ruminococcaceae, Lachnospiraceae) are positively
correlated to oleic acid content and negatively correlated to SFA content in ham fat or backfat, which
is expected, since high-oleic diet also contains high fibre. On the other hand, Lactobacillus appear as
negatively correlated to backfat SFA content, the latter reported as higher in control animals than in
HO/HF animals. Some strains of Lactobacillus have been reported as potential probiotics for reducing
obesity (Crovesy et al., 2017), so their potential effect reducing SFA deposition might be expected.
Although the exact mechanism is poorly understood, a higher concentration of VFA has been related
to a decrease in feed intake via regulation of GH, leptin, PYY and other related hormones (Wang et
al., 2017; Jiao et al., 2020). The present study suggests a possible association between the abundance
of Lactobacillus and FA composition; however, the complexity of the experimental design and the
limited statistical power of the current dataset make it difficult to separate the effect of breed, dietary

fibre and the influence of other microbes from the lactobacilli effect.

Moreover, another recent publication deepens in the differences in muscular transcriptome (Benitez
et al., 2021), and reports the differential expression of genes involved in muscular development and
growth (FOS, MSTN, MYBL2 or MYOD1) between animals of different age and genotype. These
results, obtained from the same animals employed in this thesis, support the hypothesis of a higher
precocity of the Iberian pigs. Interestingly, these findings are consistent with the faster transition rate
of gut microbiota composition, from pre-weaning to adult, observed in the Iberian population. Since
gut microbiota provides nutrients to the host, it is reasonable to expect a direct association between

both phenomena, and therefore additional studies should be carried out.
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This study sheds light on the composition variations in gut microbiota between different genetic
backgrounds based on differential abundance. Other authors have formerly found associations between
host genetic variants and the relative abundance of some GM genera (Crespo-Piazuelo et al., 2019)
in Iberian crossbred pigs. It might be interesting to follow this approach with current data, trying to
relate described SNPs to differentially abundant genera, in order to validate that microbial variation is

linked to structural genetic variation.

Even though this experiment reports interesting outcomes related to Iberian pig’s gut microbiota,
inferences about the nutritional relationships between bacteria, as well as about host nutrient intake,
are made based exclusively on microbial abundances. Metabolomics analyses would be useful to
reveal the true extent of microbial fermentative activity on the host metabolism. Moreover, using faecal
microbiome as a proxy of fore and mid-gut microbiomes has proven useful — as well as cheaper and
faster — to explore overall differences in gut microbiota composition, but specific changes related to
dietary metabolites should be directly accounted in both proximal and distal gut regions. Finally, this
thesis underscores the importance of encompassing the full microbial community in order to consider
all the possible ecological interactions. Therefore, WMS approaches might be useful to detect protozoa

or fungi, as well as unknown biodiversity.

6.4. Association of cow rumen microbiota composition with methane production

In the third experiment (Chapter 5), whole metagenome sequencing was used for characterizing rumen
microbiota composition in Holstein dairy cows with different methane production. Metagenomic data
were generated from ONT long reads with a mapping-based processing approach, and both taxonomy
and functionality were considered.

The most important novelty in this study was the utilization of ONT-based metagenomics, instead of
using AS (Bayat et al., 2018; Difford et al., 2018; Bach et al., 2019; Ramayo-Caldas et al., 2020)
or Illumina short-read WMS (Martinez-Alvaro et al., 2020), which are more extended for rumen
microbiome characterization. Long-read technologies are relatively novel and in constant
improvement, therefore rumen microbiota studies implementing them are still scarce. Some important
works have focused on assembling complete microbial genomes, using short or long reads, in order to
characterize the taxonomic and functional structure of rumen microbiome, even leading to the
generation of curated and rumen-specific microbial genomes and gene catalogues (Seshadri et al.,
2018; Stewart et al., 2019; Watson, 2021; Xie et al., 2021). However, these studies do not take into

account the association between rumen microbiome and methane production, and therefore the
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experiment covered in this thesis entails one of the first attempts to apply long reads technology for

finding microbial biomarkers linked to methane emissions.

The combined analysis of all the microbiota life domains has allowed to establish associations among
different microorganisms without amplification bias. In this sense, a negative correlation between
protozoa and some bacterial groups has been detected, with more presence of the former in high
emissions animals. Though this is not a novel result, since the importance of ciliate protozoa has been
repeatedly reported in both comparative and defaunation studies (Newbold et al., 2015; Tapio et al.,
2017), the combination of WMS techniques and compositional treatment of the data has reinforced
these findings, with the addition of a possible interaction between ciliates and some bacteria not caused
by false negative correlations. On the other hand, no big differences were detected according to the
overall abundance of fibre fermenters, however, low methane emitters had higher abundance of soluble
sugar fermenters, mostly succinate or propionate producers (Anaerobiospirillum, Megasphaera,
Hespellia or Mitsuokella) (Malnick, 2015; Marchandin et al., 2015; Whitehead et al., 2015;
Willems & Collins, 2015). Propionate production competes with methane production, since metabolic
pathways driving to propionate production require a net intake of Hx (Janssen, 2010), thus, these
bacteria might be acting as competitors of methanogenic archaea. Mitsuokella have also been described
as hydrogenotrophic fumarate reducers, directly competing with methanogens for H> (Mamuad et al.,
2014). Drops in the rumen pH have been as well related to a reduction of the activity of methanogens,
in favour of a higher propionate formation (Janssen, 2010). Anaerobiospirillum fermentative activity
is known to shift depending on the pH conditions, with an increase in succinate production when pH
drops (Samuelov et al., 1991). On the other hand, the higher abundance of Megasphaera could be
related to a drop in pH, since they can degrade lactate, which is more abundant under low-pH
conditions (Chen et al., 2019). However, the involvement of rumen pH conditions in the composition
of RM cannot be verified with current data, since pH measures were not taken in this study.

Another interesting outcome is the negative association between Oribacterium and several ciliate and
fungi genera, reaching rho index values up to -0.65. Oribacterium have been described as strictly
anaerobic low-fermentative bacteria, which utilize simple sugars to produce lactate and acetate (Sizova
et al., 2014). Its relationship with ciliates (Tetrahymena, Stentor, Entodinium or Paramecium) has not
been described elsewhere, though it can be speculated that it might be related to the predatory nature
of ciliates. However, the negative association Oribacterium/Neocallimastix is less explainable, as these

fungi are cellulose degraders, thus facilitators of bacterial fermentative activity (Cox et al., 2021).
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This approach also allowed to generate a functional profile of rumen microbiome, which can help to
identify the metabolic paths more expressed in high methane producers. It is clear that gene abundance
data must be carefully interpreted, considering that gene abundance is not equal to gene expression,
and that the vast majority of genes are redundant in multiple organisms, carrying out the same or very
similar functions, as observed. Nonetheless, some interesting findings have been reported, taking into
account the taxonomic distribution of each mapped gene. A higher abundance of genes involved in the
biosynthesis of methanogenesis precursors is reported in low methane emitters, thus suggesting that
an increase in secondary fermentative bacteria in the rumen is not directly correlated to methane
production. The most relevant finding has to do with the over-abundance of nitrate-oxidoreductase
genes in low emissions animals, since this enzyme participates in nitrate-mediated anaerobic
respiration, a competitive inhibitor of methanogenesis (Kltber & Conrad, 2006; Yang et al., 2016a)
and the preferred respiration mechanism by bacteria in absence of oxygen (Gennis & Stewart, 1996).

These KEGGs were present mostly in Proteobacteria, as shown in Figure 17.

Although a higher nitrate reduction metabolism would explain a lower presence of free Archaea in
low methane emitters, further studies targeting this pathway would be useful to determine the potential

involvement of ciliates and fungi in this phenomenon.
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Figure 17: Heatmap showing the taxonomic distribution of nitrate-oxidoreductase KEGGs.

This study carries some limitations as well. As reported, standard metagenomics DNA extraction
protocols are not properly prepared for lysing archaeal cell walls, and thereby the abundance of free
archaea might be underestimated in most of the metagenome studies up to date (Roopnarain et al.,
2017). For fully accounting their true diversity, ONT protocols must be re-adapted to this
circumstance. On the other hand, the chosen mapping-based sequence analysis could pose additional
bias. Although the assembly of ONT reads is reliable precisely because of the larger read length,
pipelines must be carefully adjusted to reach an adequate read mapping percentage. Direct read
mapping skips the assembly issues while keeping a reliable classification, since SqueezeMeta
algorithms work with very strict thresholds (Tamames & Puente-Sanchez, 2019), but this approach
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could be underestimating the true diversity of the microbiome, as it is fully dependent on the reference
database (Quince et al., 2017). Future studies must take into account these issues, since knowing the
real implication of free methanogens in methane production is crucial for addressing the contribution

of cattle to global warming.

6.5. Compositional approach to microbiota analysis

The compositional treatment of these data has been useful to extract conclusions while minimizing the
risk of taking spurious correlations or differential abundance false positives as true differences between
groups. Preliminary comparatives between non-compositional and CLR approaches applied to this
thesis’ data, which have not been included, revealed that subcompositional incoherence is a crucial
issue which can severely affect the distribution of the samples in multivariate technigues, and also that
differential abundance can be influenced by false positive rate when accounting for minor differences
or rare features, though the strongest differences can be detected by both methods. For this reason, the
general conclusions reported in this thesis are usually in consonance with previous bibliography,

whether they used compositional or classical approaches.

On the other hand, current methodology for compositional analysis still carries some limitations. First,
the treatment of zeros needs to be polished, as current methods cannot correctly account for microbial
absence, though this is a problem coming from sequencing. Second, compositional transformations
perform worse than quantitative transformations — i.e., those accounting sample microbial loads —
(Lloréns-Rico et al., 2021). However, cell counting is difficult to implement and could introduce
additional bias. Third, while CLR somehow mitigates subcompositional incoherence, it cannot be
completely defined as subcompositionally coherent, since removing one feature changes the geometric
means (Greenacre et al., 2021a). This could be fixed by using ALR, but this approach is conditioned
to find an optimal reference feature (Greenacre et al., 2021b). And fourth, the available tools for
differential abundance analysis possess different limitations. ANOVA-like tools (ANCOM and
ALDEXx2) are designed to account for compositionality — and even zero origin in the case of ANCOM
— but they are computationally expensive when implementing complex models (i.e., multifactorial or
with covariates), and either have low power to detect differences (ALDEX2) (Nearing et al., 2022) or
do not show p-values and confidence intervals for pairwise comparisons (ANCOM) (Lin & Peddada,
2020). By contrast, RNAseq-like tools (MetagenomeSeq, DESeq2 and Limma) are quite plastic and
allow fast processing of complex models, but only raw sequences can be used as input, while their
normalization methods do not account for compositionality (Gloor et al., 2017). The exception to this

is Limma, which offers the option of skipping normalization and using a transformed matrix as input,
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but it was designed for microarray analysis and hence it assumes a normal distribution of the data
(Ritchie et al., 2015). It is therefore mandatory to create a standard procedure to analyse microbiome
data, which considers their true nature but also fixes the weaknesses of the used compositional method,
added to the optimization of tools for correctly detecting differences in microbial abundances.

6.6. Final thoughts

The vast diversity and complexity of gut microbiomes might be the main reason for several findings
reported in this thesis. Highly diverse ecosystems usually possess high functional redundancy, either
due to the existence of multiple species competing for the same ecological niche (Weimer, 2015), or
due to a high conservation degree of some metabolic functions in different microbes, even if their
products act as precursors in different metabolic pathways. For this reason, although microbial species
might vary among individuals, the abundance of genes related to their representative metabolic
pathways might remain stable. This phenomenon has been observed in several microbial and
functional balances within this thesis’ experiments. The balance between Prevotella and Treponema
in faecal microbiota of pigs indicates a competitive relationship between both genera for fibre
degradation. Indeed, this relationship has been previously described (Ramayo-Caldas et al., 2016;
Crespo-Piazuelo et al., 2018). As for current results, this contraposition has been linked to genetic
background as well, since Duroc pigs lack Treponema OTUs. Similar competitions might occur
between Prevotella and Ruminococcus or Alloprevotella, as suggested by their differences in relative
abundance. Further studies must be carried out in order to unveil the relationships among fibre
degraders in Duroc and Iberian pigs. On the other hand, Lactobacillus and Corynebacterium, which
have been reported as negatively correlated in Duroc faecal microbiota, possess lactic fermentative
activity under anaerobic conditions (Hammes & Vogel, 1995; Inui et al., 2004), and so lactate
metabolism genes might not be differentially represented. Another example can be seen for serine and
glycine biosynthesis genes (serA, serB, serC and glyA) in rumen microbiome. These genes are present
in archaea, having a role in hydrogenotrophic methanogenesis through the conversion of serine to
glycine and 5,10-THMPT, the latter being an intermediate in the formation of coenzyme-M, the main
carbon transporter in methanogenesis (Wolfe, 1993). Since genes belonging to the same orthologous
groups are also present in bacteria and eukaryotes, methane production might not appear as associated
with the genes involved in the corresponding metabolic pathway, even if taxonomy composition does.
It similarly happens for genes involved in VFA metabolism or glycolysis, among others.

This thesis addresses a comprehensive exploration of gut microbiome, including different sequencing

strategies, sequence processing and classification pipelines, and statistical analysis approaches, applied
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to different goals of interest in two relevant livestock species. This broad study has tried to show the
importance of gut microbiome on host metabolism and development, successfully identifying groups
of microbes as targets to tackle current problems in the industry of animal husbandry. Future research
lines should focus on standardizing metagenome sequencing and analysis protocols, in order to
encompass as much biodiversity as possible and to identify the core microbial subpopulations with the
greatest influence on host phenotypic traits. Also, implementing multi-omics approaches would help
to reach a better understanding of all the mechanisms controlling a specific phenotypic trait. In this
sense, it would be interesting to deepen in the genetic control of the host on the microbiome, either
implementing the genomic information in the statistic models or searching relationships between
host’s genomic structural variants and microbial abundances. Metatranscriptomics and meta-
metabolomics approaches would as well result helpful to reach a more complete overview of
microbiome functionality, both through the expression of genes or through the presence of metabolites

derived from their activity.
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Chapter 7. Conclusions

The comparison of different pipelines for amplicon sequence processing indicated that the
reference database is the main factor affecting the identification of OTUs, with SILVA
outperforming GreenGenes. Although Mothur was able to detect a greater number of rare OTUs
than QIIME, the absence of a mock community makes these differences insufficient for choosing

one tool over the other.

The gut microbiota profile is different between Duroc and Iberian pig breeds. The higher rusticity
of Iberian pigs might be associated with the higher OTU richness in their GM, which results in

a higher response diversity.

Diet enrichment with high-oleic sunflower oil and addition of fibre has a limited effect on pig
gut microbiome, although it has an effect on populations of primary fermenters, reflected in an
increase of low-abundant fibre degraders replacing some Prevotella OTUs. The response of GM

to diet is conditional on breed, showing relevant differences in Duroc and Iberians.

Several bacteria have been identified as potential markers discriminating either between Duroc
and Iberian breeds or between diets with different fat and fibre supply. These microbes are
mainly complex carbohydrate fermenters (Prevotella, Alloprevotella, Treponema,
Ruminococcus or Ruminiclostridium) or soluble sugar fermenters (Lactobacillus,

Corynebacterium or Anaerostipes).

The metabolic characteristics of the Iberian pigs, such as their higher precocity and feed intake,
and the fatty acid composition of their intramuscular fat, agree with the observed gut microbiota

composition differences between breeds, as well as with the differential responses to diet.

Ciliates and fungi are strongly associated with the production of methane in rumen, as substrate
providers for methanogenic archaea. Conversely, Proteobacteria and Firmicutes genera
producers of succinate and propionate are more abundant in low emissions animals. Two sharply
differentiated ruminotypes have been described, which are associated with methane emissions:

high eukaryote abundance and high bacterial abundance.

No association between the abundance of archaea and methane emissions has been observed,
possibly due to their low abundance or their under-representation in the current study.
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10.

140

The abundance of genes involved in methanogenesis KEGG pathway is not associated with
methane emissions, due to the gene redundancy phenomenon. However, KEGGs corresponding
to nitrate-oxidoreductase subunits are over-abundant in low emissions animals, reflecting an

increase of nitrate-mediated anaerobic respiration and the inhibition of methanogenesis.

The ecological structure of microbiomes involves numerous and complex interactions between
microorganisms, making it difficult to establish causal relationships between host phenotypic

traits and the presence or abundance of specific microbial species.

Ecological redundancy is a key phenomenon in microbiomes which contributes to maintain

functional balance among alternative microbial compositions.
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