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ABSTRACT

OLIVEIRA, Haniel Cedraz, D.Sc., Universidade Federal de Vigosa, September, 2020.
Applying next generation sequence data in animal breeding. Advisor: Simone Eliza
Facioni Guimaraes. Co-advisors: Jane de Oliveira Peixoto and Marcos Soares Lopes.

In Animal Breeding there is a history of using phenotypic data of the best animals from one
generation to produce the next one. However, it is known that the heritability of interest traits
depends on a genetic basis and can be explained by the DNA. In quantitative genetics, the
basic model says that the phenotype is the sum of the genotype (genetic composition of the
individual) and the environment, however, different genotypes can perform superior or
inferior results depending on the environment in which they are inserted, with that, there was
the need to include an interaction factor at the genotype and the environment. The
development of Next Generation Sequencing (NGS) has brought advances in the
understanding of complex traits in animal breeding, with the Whole Genome Sequencing
(WGS) of the domestic animals it was possible to better understand how causal and structural
variants have influenced the phenotype. With the use of NGS it is possible to quantify the
mRNA that is being expressed of a certain gene that influences a certain trait (transcriptome
- RNA-Seq), discover epigenetic changes (ChIP-Seq) and, then, better understand the
molecular mechanisms that modulate the trait and tissue in question; increase the density of
Simple Nucleotide Polymorphism Markers (SNP) with WGS and then discover more
significant and more accurate genomic associations. With the advent of NGS came the need
for the development of computational power and new tools capable of analyzing and storing
the amount of data generated. As a result, the development of software capable of performing
quality control, mapping sequences against the reference genome and quantifying the
transcripts (in the case of RNA-Seq) has become necessary and, dealing with this type of
analysis can be difficult for those unfamiliar with computer systems. For this reason, a user-
friendly pipeline was developed to analyze RNA-Seq data, carrying out quality control,
mapping and sequence counting. BAQCOM (Bioinformatics Analysis of Quality Control and
Mapping) has been shown to be efficient and fast. Using RNA-Seq data, it was aimed to
know the global gene expression profile involved in Bacterial Chondronecrosis with
Osteomyelitis (BCO) in chicken, which is developed in the bone growth plates of the femur
and tibia followed by opportunistic bacteria. Using tibia samples from six commercial

broilers (three affected by BCO and three healthy), 192 differentially expressed genes (FDR



<0.05) were found (63 upregulated and 129 downregulated). 26 genes and seven transcription
factors were found downregulated, explaining BCO in tibia, concluding that BCO in chickens
may be caused by the low expression of genes related to bone growth and that bacterial
proliferation seems to be a secondary process. Another scenario for the use of NGS is the
fine mapping of QTL (quantitative Traits Loci) regions. A QTL region on chromosome 5
associated with backfat thickness was found in four commercial pig lines (synthetic based on
large-white, Pietrain, Landrace and Large-White). Backfat is important for feed efficiency
and meat quality, as well as being a storage of energy. Although the Genome Wide
Association Study (GWAS) has been widely used in association with phenotypes, there is
still a need to reduce the associated region if the goal is to find causal mutations. For this
reason, it was aimed to reduce this QTL region using data from WGS, RNA-Seq and ChIP-
Seq. From the most significant SNP of GWAS (leadSNP - SSC5:66103958), haplotypes were
phased and haplotypes of size 41 SNPs (20 <leadSNP> 20) were selected. The most frequent
haplotype was selected among the four breeds, so it was possible to identify a region of 5
SNPs (2 <leadSNP> 2) cross breed. Fine mapping was carried out using this region, first
WGS was used and three candidate variants were identified (SSC5:66097445,
SSC5:66099282 and SSC5:66103958). In this region between SSC5:66097445-66103958
epigenetic marks H3K27me3 and H3K4me3 were found using ChIP-Seq data from pig
alveolar macrophages, indicating regulation of gene expression during the prenatal
development period. From this result, RNA-Seq from embryos and fetuses were used, where
it was possible to find high expression of the CCND2 gene, which is related to the
development and differentiation of adipose tissue, being a strong candidate for a causal gene
for backfat. It is also possible to conclude that in this region there may be regulatory elements
involved in the expression of the CCND2 gene in embryonic development and that the
epigenetic impact during embryonic life can impact the production of traits in adult life. In
this thesis, sequencing, genotyping, phenotype, transcriptome and ChIP-Seq data were used,
integrating them all to narrow down regions of interest in the genome, thus resulting and

proposing tools to improve animal breeding in the future.

Keywords: Genomics. Whole Genome Sequencing. Transcriptome. ChIP-Sequencing.
Phenotype.



RESUMO

OLIVEIRA, Haniel Cedraz, D.Sc., Universidade Federal de Vigosa, setembro de 2020.
Aplicacio de sequenciamento de proxima gera¢iao no melhoramento animal. Orientador:
Simone Eliza Facioni Guimaraes. Co-orientadores: Jane de Oliveira Peixoto ¢ Marcos Soares
Lopes.

No Melhoramento Animal existe um historico de utilizar dados fenotipicos dos melhores
animais de uma gera¢do para produzir a proxima geracdo. Entretanto, ¢ sabido que a
herdabilidade das caracteristicas de interesse depende de uma base genética e podem ser
explicadas através do DNA. Na genética quantitativa ¢ usado o modelo bésico que diz que o
fenotipo € a soma do genotipo (composicao genética do individuo) e do ambiente, entretanto,
gendtipos diferentes podem desempenhar resultados superiores ou inferiores dependendo do
ambiente em que estdo inseridos, com isso, houve a necessidade de incluir o fator interacao
entre o gendtipo e o ambiente. Com o desenvolvimento tecnoldgico, o sequenciamento de
nova gera¢do (NGS) tem trazido avangos no entendimento de caracteristicas complexas no
melhoramento animal, com o sequenciamento completo do genoma dos animais domésticos
foi possivel melhor entender como variantes causais e estruturais tem influenciado o
fenotipo. Com o uso do NGS ¢ possivel quantificar o mRNA que esta sendo expresso de um
determinado gene que influencia determinada caracteristica (transcriptoma — RNA-Seq),
descobrir alteracdes epigenéticas (ChIP-Seq) e, entdo, conhecer melhor os mecanismos
moleculares que modulam a caracteristica e tecido em questdo; aumentar a densidade de
marcadores de nucleotideos simples (SNP) com o sequenciamento do genoma completo
(WGS) e entdo, descobrir associagdes gendmicas mais significativas e mais precisas. Com o
advento do NGS veio a necessidade de o desenvolvimento poder computacional e novas
ferramentas capazes de analisar e armazenar a quantidade de dados gerada. Em funcdo disso,
o desenvolvimento de softwares capazes de realizar o controle de qualidade, mapeamento
das sequencias contra o genoma de referencia e, quantificar os transcritos (no caso de RNA-
Seq) tem se tornado necessario e, lidar com esse tipo de andlise pode ser dificil para aqueles
que ndo tem familiaridade com sistemas computacionais. Visto isso foi desenvolvido um
pipeline de uso amigével para analisar dados de RNA-Seq, realizando controle de qualidade,
mapeamento e contagem de sequencias. O BAQCOM (Bioinformatics Analysis of Quality
Control and Mapping) tem se mostrado eficiente e rapido. Utilizando dados de RNA-Seq

objetivou-se conhecer o perfil global de expressdo gé€nica envolvido em Condronecrose



Bacteriana com Osteomielite em frangos (BCO), que ¢ desenvolvida nas placas de
crescimento 0sseo do fémur e tibia e colonizada por bactérias oportunistas. Utilizando
amostras de tibia de seis frangos de linhagem comercial (trés afetados por BCO e trés sadios),
foram encontrados 192 genes diferencialmente expressos (FDR < 0.05) divididos em 63
upregulados e 129 downregulados. 26 genes e sete fatores de transcri¢ao foram encontrados
downregulados explicando BCO em tibia, podendo concluir que a BCO em frangos pode ser
causada pela baixa expressdo de genes relacionados ao crescimento Osseo e, que, a
proliferacdo bacteriana parece ser um processo secundario. Outro cendrio para o uso de NGS
¢ o mapeamento fino de regido de QTL (quantitative Traits Loci). Uma regido de QTL no
cromossomo 5 associada com espessura de toucinho foi encontrada em quatro linhagens
comercial de suinos (sintético baseado em large-white, Pietrain, Landrace e Large-White).
Espessura de toucinho ¢ importante para eficiéncia alimentar e qualidade de carne, além de
ser reservatorio energético. Embora Genome Wide Association Study (GWAS) tem sido
amplamente usada associada a fendtipos, ainda hd a necessidade de reduzir a regido de
associacdo se o objetivo ¢ achar mutagdes causais. Por essa razao objetivou-se reduzir esta
regido de QTL usando dados de WGS, RNA-Seq e ChIP-Seq. A partir do SNP mais
significativo do GWAS (leadSNP — SSC5:66103958), os haplotipos foram postos em fase e
selecionados haplotipos de tamanho 41 SNPs (20 < leadSNP > 20). Foi selecionado o
haplétipo mais frequente entre as linhagens utilizadas, entdo foi possivel identificar uma
regido de 5 SNPs (2 <leadSNP > 2) presente em todas as linhagens. A partir desta regido foi
realizado o mapeamento fino, primeiro foi utilizado WGS e foi identificado trés variantes
candidatas (SSC5:66097445, SSC5:66099282 e SSC5c¢66103958). Nesta regido entre
SSC5:66097445-66103958 foram encontradas marcas epigenéticas H3K27me3 e H3K4me3
utilizado dados de ChIP-Seq de macréfagos alveolar de suinos, indicando regulacdo de
expressdo génica durante periodo de desenvolvimento pre-natal. Em fungdo disso foram
utilizados RNA-Seq de embrides e fetos, onde foi possivel encontrar alta expressdo do gene
CCND?2, que esta relacionado ao desenvolvimento e diferenciacdo de tecido adiposo, sendo
um forte candidato a gene causal para espessura de toucinho. E possivel, também, concluir
que nesta regido pode ter elementos regulatorios envolvidos na expressdao do gene CCND2
no desenvolvimento embriondrio e que, o impacto epigenético durante a vida embriondria
pode impactar a producdo de caracteristicas na vida adulta. Nessa tese foi usado dados de

sequenciamento, genotipagem, fendtipo, transcriptoma e ChIP-Seq, integrando todos para



estreitar regides de interesse no genoma, assim, resultando e propondo ferramentas para

melhorar o melhoramento animal no futuro.

Palavras-chave: Genomica. Sequenciamento de Genoma Completo. Transcriptoma. ChIP-
Seq. Fendtipo.
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Introduction to Animal Breeding

Animal Breeding aims to select domestic animals for improving desirable and heritable traits
for the next generation, using the best males and females that have passed for a quality control
(FALCONER; MACKAY, 1996). The heritable trait depends on the genetic background and
differences performance between animals can be explained by the DNA. Hill, (2008) has
demonstrated that selection in dairy cattle has resulted in an increase of average milk yield of

approximately 50% over a period of 50 years.

Although traits can be selected one by one, most of the animal breeding programs select
more than one traits simultaneously, for that, the animal must be superior in the combination
of two or more traits related to health, reproduction and production. This process has been
repeated for many generations improving the average of the population to the desired direction.
However, the major improvement in animal breeding is the use of modern statistical theory
and based on the principle of heredity with the quantitative genetics (OLTENACU; BROOM,
2010).

In quantitative genetics, the basic model says that the phenotype (P) is the sum of genotype (G)
and environment (E), P=G + E (FALCONER; MACKAY, 1996). It means that the differences
in the phenotype comes from the portion of the individual genetic plus the environment where
the animal lives. However, the same genotype could have different phenotype according to
the environment, then it is necessary to include the interaction between the genotype and the
environment (GE) in the basic model: P =G + E + GE.

Selecting animals for quantitative traits is traditionally based on the phenotype of the indi-
vidual and its relatives (MEUWISSEN; HAYES; GODDARD, 2001), estimating breeding
values (EBV) by Best Linear Unbiased Prediction (BLUP) (HENDERSON, 1984). However,
the inclusion of DNA information have led for more accurate EBV and detection of Quanti-
tative Trait Locus (QTL) when genetic markers has been included into BLUP (FERNANDO;
GROSSMAN, 1989; GEORGES et al., 1995; MEUWISSEN; GODDARD, 1996).

In the past decades animal breeders has focused on high-intensified selection to improve genet-
ically commercial traits in pigs such as backfat thickness, lean meat content, growth, and feed
conversion efficiency (BOSI; RUSSO, 2016). Among the most important traits, backfat thick-
ness affects indirectly carcass lean percentage, fat deposition and meat quality (FONTANESI
et al., 2012). Fatness tissue is the main storage of energy in the organism and it is impor-
tant for hormones production, which acts in the physiological and physiopathology processes
(FONSECA-ALANIZ et al., 2006). Fatness deposition traits are important in animal breeding
and, knowing the molecular mechanism for this trait is essential to lead breeding programs in

order to improve it.
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Due to the high selection based on production traits, few attention is given to secondary ones
such as health, metabolism and locomotion traits. Cows with high milk yield production
has negative correlation with reproductive performance and production diseases (INGVART-
SEN; DEWHURST; FRIGGENS, 2003; NEBEL; MCGLLLIARD, 1993), chicken with se-
lection for muscular growth has low tolerance to high temperatures (CEDRAZ et al., 2017;
CLASSEN, 2000; LAGANA, 2005; WANG et al., 2015) and poor development of the skele-
tal structure (GONZALES; MACARI; PAZ, 2009; JULIAN, 1998) such as Bacterial Chon-
dronecrosis with Osteomyelitis (BCO).

BCO has been associated with the fast growing of the growth plates on femur and proxi-
mal tibia (WIDEMAN, 2016) where the osteochondrosis is more susceptible and it has been
considered as the main cause of lameness in broilers, causing great economic loss (COOK,
2000; MCNAMEE; SMYTH, 2000; WIDEMAN et al., 2012). The chicken growth plates
are thicker than those from mammals, for example and chondrocytes’ columns are aligned in
a irregular way due to the higher growth associated to the turnover of the chickens’ growth
plate (WIDEMAN; PRISBY, 2013).

Some studies have shown that the BCO pathogenesis has been initiated by the poor miner-
alization of chondrocytes followed by proliferation of oportunistic bacteria such as Staphy-
lococcus aureus, Escherichia coli, Staphylococcus negative-coagulase and Enterococcus spp
(MCNAMEE; SMYTH, 2000; WIDEMAN; PRISBY, 2013; WIJESURENDRA et al., 2017).
Our group has shown that the main cause of BCO seems to be the downregulation of some
osteochondral genes which was supposed to be regulated in normal bones (DE OLIVEIRA et
al., 2020 — chapter 2).

For these reasons, breeding companies are facing a pressure for selecting animals disease
resistance and better welfare conditions (BISHOP, 2014). Furthermore, the development of
genomic tools allowed to use genetic markers such as Single Nucleotide Polymorphism (SNP)
to search for QTL regions and haplotype blocks which could explain other effects in the in-

terest traits and lead the selection to get more healthy animals.

Linkage disequilibrium and haplotype blocks

Linkage Disequilibrium (LD) is the non-random allele association between different loci.
It occurs by the proximity among alleles and can be influenced by the evolutive process
and the history of the population (PEREZ O’BRIENet al., 2014). Its extension depends
on the recombination rates, when low recombination rates regions such as chromosome Y
and part of the chromosome X have higher LD than regions where the recombination rates
are high such as hotspots (JEFFREYS; KAUPPI; NEUMANN, 2001). Moreover, the LD
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extension has great importance on the prediction of the breeding values in Genomic Selec-
tion (GS), Genome-Wide Association Study (GWAS), Marker-Assisted Selection (MAS) and
Fine-Mapping (PEREZ O’BRIEN et al., 2014).

Thus, a previous analysis of the LD is important for determining the number of markers which
will be necessary to have good results in GWAS (KHATKAR et al., 2008; MCKAY et al.,
2007). LD estimation tends to decrease due to low density of markers, in addition, differences
between genomic regions can have influence in the LD extension (WALL; PRITCHARD,
2003). However, studies have shown high LD in haplotype blocks separated by recombination
hotspots (ARDLIE; KRUGLYAK; SEIELSTAD, 2002; DALY et al., 2001).

Haplotypes Block is defined as the recombination of inherited regions, without recombina-
tion in the previous generation with a minimum number of genetic markers (GABRIEL et
al., 2002; PATIL et al., 2001). SNP are the most used markers in Animal Breeding. SNPs
with high LD segregate together in the haplotype blocks but can be separated along the gen-
erations by recombination (DALY et al., 2001). These markers have great importance on the
GWAS allowing select a set of SNPs in a block of SNPs with high LD in a Haplotype Block
(JOHNSON et al., 2001), carrying a better comprehension about the genome (WANG et al.,
2002).

Next Generation Sequence (NGS)

Next Generation Sequence (NGS) has brought progress in the comprehension of complex
traits in Animal Breeding. Since the whole genome has been sequenced it is an excellent
method to understand how causal/structure variants have influence on the phenotype (CHAR-
LIER et al., 2016).

NGS has become more popular and has been used in several research field (ARUMUGAM;
ULI; ANNAVI, 2019). Applying the high throughput technology, it allows to generate mil-
lions of sequences which can be used in studies such as de novo genome sequence, transcrip-

tome analysis, and epigenomic sequence such as ChIP-Sequence.

Since the domestic animals genome such as pig and chicken were sequenced, many studies
have been used NGS for a better understanding of the quantitative traits in the Animal Breed-
ing (CRESPO-PIAZUELOc etal., 2019; LI et al., 2020), moreover, it has brought new methods
such as marker imputation which has been implemented in Animal Breeding to improve the
accuracy in GWAS and GS (HABIER; FERNANDO; DEKKERS, 2009; MARCHINI et al.,
2007; MARCHINI; HOWIE, 2010), using reference panel genotyped at high density or the
whole genome sequence to impute markers not present in the low-density marker panel with-
out loss in accuracy and increasing the density of markers (DASSONNEVILLE et al., 2011;
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LARMER et al., 2017; MARCHINI; HOWIE, 2010; MULDER et al., 2012; WEIGEL et al.,
2010).

With a higher density of maker, the detection of QTL has become more accurate allowing
to identify SNPs located in expressed regions. Furthermore, it allows the comprehension of
molecular mechanism and annotation of candidate genes related with quantitative traits (MI-
NOZZI et al., 2013). However, the comprehension of a trait is not limited to the phenotype,
whereas a small difference on the mRNA amount could change the gene expression and alter
the traits formation (SCHADT et al., 2003). For quantifying the amount of mRNA is nec-
essary to use transcriptome data, which is the collection of all mRNA and noncoding RNA
(ncRNA) transcripts produced by a cell in a specific tissue, development stage or physiologic
condition. The RNA sequence (RNA-Seq) allows to identify and quantify transcripts (CLOO-
NAN et al., 2008; MORTAZAVI et al., 2008), allowing the description of a set of genes (OZ-
SOLAK; MILOS, 2011). In this way it is possible to find out which gene has expressed due

an experimental condition as well as the tissue studied.

Transcriptome (RNA-Seq) analysis starts from a messenger RNA (mRNA) sample converted
into Complementary DNA (cDNA) generating a library which is sequenced into millions of
DNA sequences (VAN VERK et al., 2013). Following, it is necessary a set of bioinformat-
ics software to analyze the RNA-Seq data in four steps: Quality Control (QC), Alignment,
Quantification and, Differential Expression (DE) (VAN VERK et al., 2013).

The first step, quality control, is performed to remove short reads, barcodes, adapters, and
bases with low quality (LOWE et al., 2017). There are several tools for performing quality
control, however, the most used is Trimmomatic (BOLGER; LOHSE; USADEL, 2014) which
corrects abnormalities occurred during the sequencing. The second step, alignment, aims
to combine the gene sequences with the reference genome or de novo assembly when the

reference genome is not available (LOWE et al., 2017).

After the alignment it is necessary to quantify the gene expression (VAN VERK et al., 2013).
The quantification algorithms seeks for genes which have known splices and those potentially
novels (WANG; GERSTEIN; SNYDER, 2009). There is a complexity in estimating the ex-
pression of genes due to the set of exon and, therefore, just a fraction of reads aligned on
the specific regions (VAN VERK et al., 2013) demanding probabilistic methods to estimate
the transcript abundancies from the information of the short reads (TRAPNELL et al., 2011).
Once the gene expression is quantified, the differential expression analysis aim to identify the
differential gene expressed between the experimental conditions (VAN VERK et al., 2013;
WANG; GERSTEIN; SNYDER, 2009).

ChIP-Sequencing (ChIP-Seq) has also been used in animal research improving genome anno-

tation and searching regulatory elements into the genome regions (BEIKI et al., 2019; HAN
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et al., 2019). Combining chromatin immunoprecipitation with high throughput sequence it
allows the identification of transcription factors structure proteins, chromatin associated pro-
teins and specific DNA sequences which bind into the proteins which may cause influence on
the phenotype of the interest traits (DE SA et al., 2018).

Identifying these proteins and Transcription Factor (TF) allow a better understanding of the
biological process and the regulation of the gene expression (METZKER, 2010; WORSLEY
HUNT et al., 2014). Moreover, it also allows the understanding of the interaction of TF’s
binding sites, promoters of target genes and, epigenetics mechanism which guide the cellular
and physiological differentiation (KANTERAKIS; POTAMIAS; PATRINOS, 2018; SHIN et
al., 2013).

GWAS and Fine-Mapping

The used SNP markers and genotyping has allowed to detect QTL and candidate genes with
more accuracy. Moreover, NGS has become cheaper, which makes it more popular in the last
decade increasing the number of studies using GWAS to find associations between phenotypes
and genotypes of the interest traits in animal breeding (ALILOO et al., 2015; PRYCE et al.,
2010).

For a better understanding of the quantitative traits in a molecular level it is necessary to
increase the number of SNPs to increase the marker density in the Quantitative Trait Loci
(QTL). After the release of Illumina PorcineSNP60 Chip (RAMOS et al., 2009), important
traits such as fatness related have been studied using GWAS (DO et al., 2014; FONTANESI
et al., 2012; FOWLER et al., 2013; OKUMURA et al., 2013), allowing to map the genome

regions that affect these traits.

Although GWAS can identify associated markers, the current Illumina PorcineSNP60 Bead-
Chip can lead to clusters of markers which may cover regions that are still too large, making
difficult the identification of genes and variants. Therefore, there are still necessity of reduce

the regions to find causal relation between genes or variants which affect economic traits.

Moreover, there is a tendency to consider the gene nearest of the leadSNP (the smallest P-
value) to be the causal, however, the physical distance between a variant and a gene is not
enough evidence for causality (SPAIN; BARRETT, 2015). Additionally, the majority of asso-
ciated variants do not change protein sequence. In this reason, several researches have focused
on the improvement of functional annotation to identify variants which affect the expression

level of a gene and change the phenotype.

Fine-mapping uses NGS data such as whole genome sequence, transcriptome, ChIP-Seq, etc.,
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for seeking genetic variants which are liable for the expressed phenotype starting from at least
one high significant SNP from previous GWAS results to more specific results finding one or
more variants for identifying the potential causal variant (SCHAID; CHEN; LARSON, 2018;
SPAIN; BARRETT, 2015).

Different approaches can be used to fine-map genome regions to identify important variants
and genes associated to diseases and traits (SCHAID; CHEN; LARSON, 2018; SPAIN; BAR-
RETT, 2015; TAK; FARNHAM, 2015; WEISSENKAMPEN et al., 2020). Fine-mapping
from a variant approach is the process of narrow down a genomic region, assigning one or
more variants involved in a trait. For that, an understanding of the mechanism by which
variant contribute for a phenotype is required for fine-mapping variants from a GWAS loci
(BROEKEMA; BAKKER; JONKERS, 2020). Moreover, it is important to identify the most
significant variants and calculate the LD to understand and identify which genes and pathways

are affecting the traits.

GWAS variants which overlap in high LD with regulatory elements is the most straightforward
approach. CEDAR; BERGMAN, (2009) have shown that interactions between DNA methy-
lation and histone modifications can have importance regulating chromatin and biological
process. The use of ChIP-seq can measure the histone marks modification to determine the
location of the functional elements (BERNSTEIN et al., 2010; KUNDAJE et al., 2015). His-
tone markers such as H3K27me3 and H3K4me3 have been widely used to fine-map genome
regions and are associated with gene repression and activation, respectively (RINGROSE;
PARO, 2004; SCHUETTENGRUBER et al., 2007). Therefore, these marks are associated in
the regulation of developmental genes during development stage in mammals (BOGLIOTTI;
ROSS, 2012; LI, 2002), indicating that there are histone modifications during the embryo de-
velopment (ERHARDT et al., 2003; VAN DER HEIJDEN et al., 2005; WANG; DEY, 2006;
ZHANG et al., 2009).

Studies have used fine-mapping in different approaches in Animal Breeding (DERKS et al.,
2017, 2019; DRAG et al., 2019; JIANG et al., 2019; LIU et al., 2019; VAN SON et al.,
2019). Although ChIP-Seq has been used for fine-mapping the human genome (CALISKAN
etal., 2019; KUMASAKA; KNIGHTS; GAFFNEY, 2016), there is still a lack of studies using

this approach in animal breeding.
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CHAPTER 1

BAQCOM - Bioinformatics Analysis for Quality
Control and Mapping
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Abstract

Bioinformatic analysis has become more demanded and new software has been developed for
quality control, mapping and quantify transcripts, however, dealing with these software could
be hard for people who do not have experience with computational environment. For this
reason, we aimed to develop a user-friendly pipeline for RNA-Seq analysis for quality control,
mapping and counting reads. Our pipeline uses a set of software such as Trimmomatic, STAR,
HISAT2, HTSeq-count and featureCounts. All pipelines run automatically with a few basic
options and the output of each script is prepared for the input to the next step. BAQCOM
pipelines have shown to be efficient and fast. Although the pipeline has being designed for
RNA-Seq analysis, there are the flexibility to integrate other genomic tools in the future, such
as fine-mapping analysis.

keywords: Pipeline; RNA-Seq; Sequencing; STAR; Trimmomatic
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Introduction

With the advanceof the Next Generation Sequencing (NGS), bioinformatics analysis has be-
come possible and more demanded. Moreover, the development of new software for high-
throughput sequencing analysis has provided different methods for quality control, mapping
and quantifying transcripts. RNA-Seq has become popular and has revolutionized the manner
in which the transcriptome is analyzed (WANG; GERSTEIN; SNYDER, 2009). Transcrip-
tome is the set of transcripts in a specific cell or tissue, development stage or physiological

condition and it is essential for understanding the molecular level of a trait or a disease.

Using transcriptome, it is possible to list all transcripts, including non-coding RNA and small
RNAs, determining the structure of genes, splicing patterns and quantify the expression level
of each gene under different conditions and discover novel transcripts. It is also important
for improving the genome annotation. Many studies have used RNA-Seq to improve genome
annotation and better understand the molecular level of quantitative traits in animal breeding
(BEIKI et al., 2019; KIM et al., 2020; MARTINEZ-MONTES et al., 2017).

However, applying NGS analysis requires a certain level of knowledge of programing and a
large computer structure for handing large datasets and specific algorithms. Running an NGS
analysis it is necessary to find the best tools, install and configure them, manage libraries, write
scripts to convert outputs from one tool into input to the next tool. It could be a challenge
for those who attempt NGS analysis, specially without any computational experience (KESH;
RAGHUPATHI, 2004). For these reasons it is important the use of automated scripts which

can guide the analysis.

The aim of bioinformatic pipelines is to provide a user-friendly interface that allows anyone
to run NGS analysis. Bioinformatics Analysis for Quality Control and Mapping (BAQCOM)
is an user-friendly pipeline for RNA-Seq analysis from quality control to counting reads steps,
running tools such as Trimmomatic (BOLGER; LOHSE; USADEL, 2014), STAR (DOBIN
etal., 2013), HISAT2 (KIM et al., 2019), HTSeq-count (ANDERS; PYL; HUBER, 2015) and
featureCounts (LIAO; SMYTH; SHI, 2014).

Material and Methods

Starting from raw fastq reads, the pipelines were developed for analyzing RNA-Seq Illumina
data. The pipeline uses open sourced available tools to perform quality control, mapping and
read counts. Two paired-end RNA-Seq samples of hernia from pig’s were analyzed using
the methodologies in BAQCOM. We edited the samples decreasing the number of reads to

100000 to facilitate the analysis. For the reference genome and gene annotation we have used
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the chromosome 1 of Sus scrofa reference genome version 11.1 and ensembl release 98.

BAQCOM is a set of command line pipelines for Unix-based systems calling functions and
software to perform a specific data process or analysis. Each pipeline is a R script which calls
one or more installed software, takes a variety of parameters through command line flags and
generates specific outputs which will be used as input into the next analyses. BAQCOM is
hosted on GitHub https://github.com/hanielcedraz/ BAQCOM) and can be easily installed
locally or/and on remote clusters by a shell script which download the necessary software and

install them.

Quality Control

For quality Control (QC) BAQCOM uses bagcomTrimmomatic pipeline. This Rscript re-
ceive raw fastq (RNA-Seq or DNA-Seq) files and calls trimmomatic (BOLGER; LOHSE;
USADEL, 2014) software using default parameters, however, it can be changed according
to user’s necessity. For QC statistics the pipeline runs FastQC (ANDREWS, 2010) and/or
MultiQC (EWELS et al., 2016) software. BagcomTrimmomatic pipeline reates cleaned fastq
files as output and the statistics from all samples are joined into one single file.

Mapping

For the mapping step, two pipelines are available in BAQCOM. Both Rscripts receive cleaned
fastq files (outputs from baqcomTrimmomatic) as input. BagcomHisat2 uses Hisat2 (KIM;
LANGMEAD; SALZBERG, 2015) software for mapping, while bagcomSTAR uses STAR
(DOBIN et al., 2013) software for mapping and/or counting reads. Moreover, bagcomHisat2
uses samtools (LI; DURBIN, 2009) to convert sam into bam files as output. Both pipelines
use default parameters of the software, however, according to the user’s necessity it can be
changed including more options. Moreover, either bagcomSTAR and baqcomHisat2 get all

mapping statistics and generate it from all samples into one single file.

Counting Reads

For counting reads step BAQCOM also provides two pipelines, both receives files from bag-
comSTAR and/or bagcomHisat2. In bagcomHtseq is implemented HTSeq-count (ANDERS;
PYL; HUBER, 2015) software while bagcomFeatureCounts uses featureCounts (LIAO;
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SMYTH; SHI, 2014) software. The outputs from these pipelines are already done for input

into a differential expression gene script, such as edgeR or DEseq.

All pipelines, except bagcomHtseq run multithreads, parallelizing process and running as
many samples as possible at the same time. Moreover all pipelines run MultiQC (EWELS et

al., 2016) software for statistical parameters.

Results and Discussion

BAQCOM pipeline is an automated approach for analyzing RNA-Seq data. We do not expect
to have different results running BAQCOM or the programs themselves, however, it is much
more user-friendly and faster, since it is possible to analyze several samples at same time and
short command line (Additional file 1).

We have run analysis using edited datasets with 100 thousand of reads against chromosome 1
of the pig’s reference genome and genome annotation. After the QC, the mapping and reads
counting can be running in one or two steps (Mapping and Counting reads using bagcom-
STAR or Mapping using baqgcomHisat2 and Counting read using bagcomFeatureCounts or

bagcomHtseq) (Fig. 1).

fastq files

-

¢ kS
Bad results? Good results?
N

Figure 1: Scheme showing the step by step of BAQCOM pipeline
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Quality Control

BagcomTrimmomatic is used for quality control. It has generated a folder named 01-
CleanedReads/ contained four files (two Paired-End (PE) and two Single-End (SE) for each
sample (*PEl.fastq, *PE2.fastq, *SE1.fastq and *SE2.fastq) and a folder named 02-Reports
which is stored results from Multiqc, fastqc and the statistical summary from the quality
control (Table 1).

Table 1: Summary statistics from bagcomTrimmmomatic showing number of input and output
reads, percentage of output reads and other parameters

Sample Input Pairs Pairs Forward Forward Reverse Reverse Dropped Dropped
Read Reads Read Only Only Only Only Reads Read
Pairs Percent Surviving Surviving Surviving Surviving Percent
Reads Read Reads Read
Percent Percent
HE20-100K 1e+05 92194 92.19 7283 7.28 357 0.36 166 0.17
HE21-100K 1e+05 92147 92.15 7348 7.35 365 0.36 140 0.14

On the fastqc analysis it is created two folders containing statistical before (FastQCBefore/)
and statistical after (FastQCAfter/) quality control. In these folders it is possible to find a
* html and *.zip files for each sample in 00-Fastq/ and 01-CleanedReads/, respectively. On the
Multiqc analysis it is created a folder named multiqc_data/ containing a statistical summary
and a html file (multiqc_report.html) showing a graphical statistical summary for the previous

analysis.

Running quality control using Trimmomatic software it is not possible to run more than one
sample at same time, using the basic command line, which can increase the time for analyzing
the data. Moreover, Trimmomatic does not create a statistical summary joining all samples,

it creates one statistical file for each sample, generating more files.

Mapping

For aligning the reads against the reference genome (mapping) it could be done using
baqcomSTAR or bagcomHisat2. By default, bagqcomSTAR does mapping and counting
reads. Using default parameters, it is created three folders containing the mapped reads
(02-MappedReadsSTAR/), unmapped reads (03-UnmappedReadsSTAR/) and the counted
reads (04-GeneCountsSTARY/).
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Report folder is renamed from 02-Reports to 05-Reports for a better organization of the
folders. Running bagcomHisat2, the mapping will be done by HISAT2 software, which
does not perform counting reads, for this reason it is generate just one folder named 02-
MappedReadsHISAT?2/. In this folder contains one *.bam file and a *summary.log for each
sample. Both pipelines perform the genome indexation by default when it is the first time
it is ran, moreover they join all statistical summary into a single file (Table 2 and 3). The

differences among the results is due to the different algorithms used in each software.

Table 2: Tables showing statistical summary from bagqcomSTAR

Number Percent Number Percent

Number Number Percent Number Percent Number Percent
Reads un- reads un- reads un- reads un-

Sample Input  Uniquely Uniquely Mapped Mapped Mapped Mapped
reads  Mapped Mapped multiLoci multiLoci manyLoci manyLoci mapped mapped mapped - mapped
short short other other

HE20-100K 92194 78228 84.85% 13789 14.96% 30 0.03% 146 0.16% 1 0.00%
HE21-100K 92147 78007 84.65% 13966 15.16% 27 0.03% 147 0.16% 0 0.00%

Table 3: Table showing statistical summary from bagcomHisat2

Percent Percent Reads Percent
Input Read Mapped Reads : reads
Sample . Mapped reads multi :
Pairs reads unmapped uniquely
reads unmapped mapped mapped

HE20-100K 92194 58081  (63.00%) 31690 (34.37%) 2423  (2.63%)
HE21-100K 92147 57752 (62.67%) 32020  (34.75%) 2375  (2.58%)

In 05-Reports folder, besides the previous files in 01-Reports folder it will contain the statis-
tical summary for each mapping pipeline as well as the graphical summary from Multiqc if it

was enabled.

Counting reads

Counting reads is performed using bagcomFeatureCounts or baqcomHtseq. BagcomFeature-
Counts uses FeatureCounts software and accepts output both from baqcomSTAR, if it was

used just for mapping the reads, and baqcomHisat2.

BaqgcomFeatureCounts creates a folder named 04-GeneCountsFeatCounts/ which contains a
file *.summary with statistical parameters and *.outputs with seven columns showing the
genelD, chromosome number, gene start, gene end, strand, gene length and number of reads
for each sample. The pipeline edits the *.outputs file selecting the first and the last columns

creating a new file named *.counts for each sample to make it suitable for the next analysis.
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BagcomHtseq uses htseq-count software and accepts outputs just from baqcomHisat2. Does
not make sense to use htseq-count to count reads mapped with STAR, since they use the same
algorithm for counting reads according to the STAR’s manual. This pipeline creates a folder
named 04-GeneCountsHTSeq/ containing *.out file for log and *.counts file for number of
reads. The statistical summary for both pipelines is stored in the 05-Reports folder created in

previous analysis (Table 4 and 5).

Table 4: Table showing the statistical summary from bagcomFeatureCounts

. Reads Reads  Reads too Percent Number of
Sample Reads in feature ~ NOT bi ) 1 Assigned F Number of 0 count.features
in feature AMo1UOUS low qual i peape FeAMUTES
HE20-100K 42745 16093 954 6329 0.46 209 55
HE21-100K 42583 16024 984 6525 0.45 209 54

Table 5: Table showing the statistical summary from baqcomHtseq

. Reads Percent Number of
Sample Reads in NOT Rgads Reads too Assigned Number of 0
feature . ambiguous low qual Features
in.feature To Feature count.features
HE20-100K 42745 16093 954 6329 0.46 209 55
HE21-100K 42583 16024 984 6525 0.45 209 54
Conclusions

We have introduced a set of pipelines suitable for RNA-Seq analysis which could facilitate
the command line for those who are not comfortable with the UNIX environment. Using
multithread processing and multi samples, BAQCOM pipelines have shown to be efficient and
fast. Although the pipeline has being designed for RNA-Seq analysis, there are the flexibility
to integrate other genomic tools in the future, such as haplotype phasing and fine-mapping

analysis.
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Abstract

Background:

Bacterial chondronecrosis with osteomyelitis (BCO) develops in the growth plate (GP) of the
proximal femur and tibia and is initiated by damage to the less mineralized chondrocytes fol-
lowed by colonization of opportunistic bacteria. This condition affects approximately 1% of
all birds housed, being considered one of the major causes of lameness in fast growing broilers.
Although several studies have been previously performed aiming to understand its pathogen-
esis, the molecular mechanisms involved with BCO remains to be elucidated. Therefore, this
study aimed to generate a profile of global differential gene expression involved with BCO
in the tibia of commercial broilers, through RNA sequencing analysis to identity genes and
molecular pathways involved with BCO in chickens.

Results:

Our data showed 192 differentially expressed (DE) genes: 63 upregulated and 129 downregu-
lated in the GP of the tibia proximal epiphysis of BCO-affected broilers. Using all DE genes,
six Biological Processes (BP) were associated with bone development (connective tissue de-
velopment, cartilage development, skeletal system development, organ morphogenesis, sys-
tem development and skeletal system morphogenesis). The analyses of the upregulated genes
did not indicate any significant BP (FDR <0.05). However, with the downregulated genes,
the same BP were identified when using all DE genes in the analysis, with a total of 26 coding
genes explaining BCO in the tibia: ACAN, ALDHI1A2, CDH7, CHAD, CHADL, COLI1IAl,
COMP, CSGALNACTI, CYR61, FRZB, GAL3ST1, HAPLNI, IHH, KIF26B, LECTI, LPPRI,
PDEG6B, RBP4A4, SERINCS, SFRP1, SOXS8, SOX9, TENM?2, THBSI, UCHLI and WFIKKN2.
In addition, seven transcription factors were also associated to BCO: NFATC2, MAFB, HIF 1 A-
ARNT, EWSRI-FLII, NFIC, TCF3 and NF-KAPPAB.

Conclusions:

Our data show that osteochondral downregulated genes are potential molecular causes of BCO
in broilers, and the bacterial process seems to be, in fact, a secondary condition. Sixteen genes
responsible for bone and cartilage formation were downregulated in BCO-affected broilers
being strong candidate genes to trigger this disorder.

Keywords: RNA-Seq, Gallus gallus, BCO, Lameness, Cartilage
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Background

The broiler chickens have undergone intense genetic and nutritional improvement, exponen-
tially increasing their weight gain and decreasing the slaughter age. However, the improve-
ment focused on the high performance has overlooked some physiological characteristics,
such as the skeletal structure [1]. The bacterial chondronecrosis with osteomyelitis (BCO) af-
fects up to 1% of all birds housed, being considered a worldwide major cause of lameness in
commercial broilers, generating economic losses and impacting negatively the animal welfare
[2,3,4]. The prevalence of lameness due the BCO can extent up to 50%, and 5% of mortality

[5], however the incidence of BCO is unknown in most countries [1,3,4,6].

BCO affect the chicken GP, where the chondrocyte columns are irregularly aligned due to the
high longitudinal growth rates, being associated with the growth plate turnover in this specie
[7]. The BCO pathogenesis is supposed to be initiated by the damage of the poorly mineral-
ized chondrocytes followed by colonization of opportunistic bacteria, such as Staphylococcus
aureus, Escherichia coli, Coagulase-negative Staphylococcus and Enterococcus spp., in the
osteochondrotic clefts [2,6,7] of both femur and tibia [8, 9].

Despite the fact that many opportunistic microorganisms have been identified in studies fo-
cused on the involvement of bacteria in the process of BCO [3, 6,7,8,9,10,11,12], there are
no studies exploring the genetics and molecular mechanisms involved with BCO in tibia, al-
though, previous studies have shown the importance of some genes involved with BCO in the
femur [13,14,15]. Therefore, the aim of this study was to identify the global differential gene
expression profile in the tibia GP involved with BCO in chickens, through the transcriptome

analysis using RNA-seq of normal and BCO-affected broilers.

Results

RNA-Seq data

An average of 17,5 million reads/sample (2 X 100 base paired-end reads) was generated and
about an average of 13 million reads/sample were kept after the data quality control. The tran-
scriptome had in average more than 99% of the reads mapped against the chicken reference
genome Galgal5, ranging from 98.83 to 99.26% to each individual sample, with 73% of the

reads present in genes.

Differential gene expression

A total of 12,576 transcripts were obtained. From those, 1018 transcripts were selected with
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FDR <0.05, and grouped in three categories: protein-coding (973), IncRNA (44) and snoRNA
(1). The transcripts with logFC < —2.0 and >2.0 were selected, obtaining 192 DE genes
(12 IncRNA and 180 protein-coding), being 63 upregulated (logFC>2.0) (8 IncRNA and 55
protein-coding) and 129 downregulated (logFC<—2.0) (4 IncRNA and 125 protein-coding
(112 annotated genes) in the affected compared to healthy broilers (Additional File 1).

Gene ontology

In the first step, 192 DE genes were used in the GO analysis and a total of 304 Biological
Processes (BP) were identified. From those, only nine BP were significant with FDR <0.05
(Table 1). Among these nine BP, only six were specifically related to bone development:
connective tissue development, cartilage development, skeletal system development, organ

morphogenesis, system development, and skeletal system morphogenesis.


https://bmcgenet.biomedcentral.com/articles/10.1186/s12863-020-00862-2#MOESM1
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Table 1: Biological Process (PB) found using DAVID 6.8.Table 4a shows nine PB using all
192 Differentially Expressed (DE genes) with six PB associated with bone formation. Table
4b shows six PB using only 129 downregulated genes in the affected broilers. In bold are the

BP that were the same in both analyses

Category Term Pathways Count FDR
Table 1a.
GOTERM_BP_ALL GO:0061448 connective tissue 12 1.89E-05
development
GOTERM_BP_ALL GO:0051216 cartilage development 11 2.46E-05
GOTERM_BP_ALL GO:0001501 skeletal system 15  3.81E-05
development
GOTERM _BP_ALL GO:0009887 organ morphogenesis 17  6.34E-04
GOTERM_BP_ALL GO:0048731  system development 35 0.00825838
GOTERM_BP_ALL GO:0048705 skeletal system 9 0.008659783
morphogenesis
GOTERM_BP_ALL GO:0007275  multicellular organism 36 0.019958649
development
GOTERM_BP ALL GO:0048856 anatomical structure 39 0.026663753
development
GOTERM_BP _ALL GO:0044707 single-multicellular 40 0.031747676
organism process
Table 1b.
GOTERM_BP_ALL GO:0001501 skeletal system 15 2,32E-02
development
GOTERM_BP_ALL GO:0061448 connective tissue 12 3,26E-02
development
GOTERM_BP_ALL GO:0051216 cartilage development 11 6,14E-02
GOTERM_BP_ALL GO:0048705 skeletal system 9 0.000509513
morphogenesis
GOTERM BP _ALL GO:0009887 organ morphogenesis 14 0.001261476
GOTERM_BP_ALL GO:0048731  system development 26 0.049749525

In a second step, the GO analyses were performed separating the up and downregulated genes.

Using the 63 upregulated genes, the GO did not show any significant BP. However, when the

129 downregulated genes were used, the GO showed the same six BP that were identified

when all 192 DE genes were used, with a total of 26 coding genes among the BPs (Table 2).

The most enriched BP were system development (26 genes), skeletal system development (15

genes), organ morphogenesis (14 genes), connective tissue development (12 genes), cartilage

development (11 genes) and skeletal system morphogenesis (9 genes) (Table 1).


https://bmcgenet.biomedcentral.com/articles/10.1186/s12863-020-00862-2#Tab1
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Table 2: Twenty-six downregulated genes associated with bone formation enriched in the
Biological Processes found using DAVID 6.8 tool

Gene symbol Gene ID logFC FDR Gene Name
TENM2 ENSGALG00000001768 —4.61 4.17e-05 teneurin transmembrane protein 2
WFIKKN2 ENSGALG00000007367 —4.32 1.70e-06 WAP, follistatin/kazal, immunoglobulin,
kunitz and netrin domain containing 2
RBP4A ENSGALG00000006629 —3.83 0.00e+00 retinol binding protein 4
LECT1 ENSGALGO00000016945 —3.19 3.99¢-03 chondromodulin
COMP ENSGALG00000003283 —3.18 4.80e-02 cartilage oligomeric matrix protein
UCHLI ENSGALG00000014261 —3.12 0.00e+00  Ubiquitin C-Terminal Hydrolase L1

ACAN ENSGALG00000006725 —3.09 3.72e-03 aggrecan
CDH7 ENSGALGO00000013782 —3.05 3.04e-05 cadherin 7
IHH ENSGALG00000011347 —3.00 3.10e-04 Indian hedgehog protein

HAPLN1  ENSGALGO00000015627 —2.97 1.51e-03 Hyaluronan and proteoglycan link protein
1

KIF26B ENSGALGO00000010664 —2.55 2.62e-02 kinesin 32 Family member 26B

PLPPRI1 ENSGALGO00000015542 —2.52 2.02¢-05 phospholipid phosphatase related 1
COL11A1  ENSGALGO00000005180 —2.47 1.51e-02 Collagen Type XI Alpha 1 Chain
GAL3ST1 ENSGALGO00000007781 —2.45 1.19¢-02 galactose-3-O-sulfotransferase 1

SOX9 ENSGALG00000004386 —2.40 4.58e-05 SRY-box 9
SFRP1 ENSGALG00000003473 —2.37 1.47e-03 secreted frizzled related protein 1
CHADL ENSGALGO00000011970 —2.34 2.00e-07 chondroadherin like
CSGALNACT1 ENSGALGO00000010125 —2.33 4.60e-06 chondroitin sulfate
N-acetylgalactosaminyltransferase 1
FRZB ENSGALG00000002763 —2.33 1.35e-04 frizzled-related protein
CYR61 ENSGALGO00000008661 —2.28 4.00e-07 Protein CYR61
SOX8 ENSGALGO00000005263 —2.27 1.29e-04 SRY-box 8
THBS1 ENSGALG00000009626 —2.22 2.35e-02 thrombospondin-1 precursor
CHAD ENSGALG00000019761 —2.12 7.28e-03 chondroadherin
PDE6B ENSGALGO00000015373 —2.11 1.67e-03 phosphodiesterase 6B
ALDH1A2 ENSGALG00000004270 —2.11 0.00e+00 Retinal dehydrogenase 2
SERINC5 ENSGALG00000014798 —2.09 6.48e-05 serine incorporator 5

Gene and Transcription factor (TF) network

A gene network using Cytoscape v.3.6 [16]. was performed to identify connections among
genes enriched in bone bioprocesses (Fig. 1). Three genes (COMP, COL11A41 and SOXY)
were shared in all six BP, four genes (CDH7, CSGALNACTI1, ACAN and IHH) were shared
by five BP, three genes (CHADL, CYRGI and LECTI) were shared by four BPs, four genes
(SFRP1, CHAB, FRZB and SOX8) were shared by three BPs and three genes (TENM?2,
WFIKKN2 and ALDHI1A42) were shared by two BPs (Additional file 2). The other genes
were in only one BP (Fig. 1). In addition, regulatory sequence analyses for all detected
genes were performed for the 26 genes used as input at TFM-explorer [17]. A total of 21
transcription factors (TF) were identified from the downregulated genes. Based on the BP
from DAVID and the literature review, we selected the most putative BCO associated TF.
The main TF, from the most to the least connected were: NFATC2, MAFB, HIF1A::ARNT,
EWSRI-FLII, NFIC, TCF3 and NF-KAPPAB, which were used to construct a TF network
highlighting the most connected genes (Fig. 2).
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Figure 1: Gene network showing connections between downregulated genes (circles) and
Biological Process (diamonds). The size (low values are small size) and the colors (low values
are in bright colors) of the nodes indicate the number of directed edges and the neighborhood
connectivity, respectively. The Edge colors indicate the betweenness of the edges (low values
are in bright colors).
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Figure 2: Transcription Factor network showing connections between downregulated genes
(circles) and Transcription Factors (diamonds). The size (low values are small size) and the
colors (low values are in bright colors) of the nodes indicate the number of directed edges and
the neighborhood connectivity, respectively. The Edge colors indicate the betweenness of the
edges (low values are in bright colors).

Discussion

Tibia is a high-mineralized bone in the body, being considered a good indicator of mineraliza-
tion in ossification studies [18, 19]. The bacterial chondronecrosis with osteomyelitis (BCO)
has been diagnosed worldwide and its pathogenesis seems to be related to the poor mineraliza-
tion of chondrocytes and cartilage of the femur and tibia bones in fast-growing chicken, with
proliferation of opportunistic bacteria [7]. Although several studies are available evaluating
femur, it is known that the lesion status differ between bones [3], and that high incidences of
tibia BCO has been previously reported in broilers [20]. Nowadays, there are just few studies
addressing the molecular mechanisms involved with femur BCO [13,14,15] and no informa-
tion regarding tibia BCO is available which highlights the importance of our study, since it
brings novel and relevant knowledge to the field. Furthermore, this condition is observed in
males and females, and an influence of sire line on susceptibility for this trait has already been

found [20]. However, it is consensus that high performance broilers are widely affected by
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BCO [3, 20,21,22], which reinforces the importance of new studies considering tibia BCO.

Although only one commercial line was used in this study, it is expected common molecular
pathways involved in the BCO development in different lines, since this is a health condition.
However, the line or sex effect could influence the gene expression profile related to this
condition, leading to a variation in the BCO manifestation, and should be further confirmed.
According to Wideman et al. (2012) [3], no difference was found on the incidence of lameness
between males and females and among lines in the same type of floor. Regarding tibia BCO,
no differences between males and females were found until 40 days, but an effect of sire was
observed, especially when broilers were older than 6 weeks of age [20]. In our study, we used
males from a high performance commercial broiler line since they are fast growing, heavy
weight and therefore more probable to get affected with BCO. Therefore, if we have used

other high performance commercial line, we expect that similar results would be obtained.

In the tibia GP transcriptome, 1018 genes were DE between normal and BCO-affects broilers.
A total of 44 IncRNA were identified and these transcripts may be related to the regulation
of adjacent genes [23]. According to the position in the genome of the NCBI database, the
IncRNAs ENSGALG00000040226, ENSGALG00000033872 and ENSGALG00000032326
are close to the genes SOX9, COL11A1 and SOXS, respectively, and may be involved in
the regulation of these important genes for bone development. The SOX9 and SOXS, two
transcriptions factors acting on endochondral ossification, have recently been associated to
femur epiphysiolysis [15]. In the current study, it was possible to identify several DE genes
involved with BCO development, even using a small number of samples per group, as can be

seen in several RNA-Seq studies, when groups are well characterized [24,25,26,27,28].

Initially, using 112 downregulated genes, a total of 26 genes enriched six BP directly related
to bone and cartilage development (Table 2): system development (GO: 0048731), skele-
tal system development (GO: 0001501), organ morphogenesis (GO: 0009887), connective
tissue development (GO: 0061448), cartilage development (GO: 0051216) and skeletal sys-
tem morphogenesis (GO: 0048705). These are important BP for bone development and their
malfunction can cause poor ossification, leading to cases of lameness, commonly observed
in BCO-affected chickens [12]. The genes related to these biological pathways are ACAN,
ALDHI1A2, CDH7, CHAD, CHADL, COL11A1, COMP, CSGALNACTI1, CYR61, FRZB,
GAL3STI1, HAPLNI1, IHH, KIF26B, LECT1, LPPR1, PDE6B, RBP4A, SERINCS, SFRPI,
SOX8, SOX9, TENM2, THBS1, UCHL1 and WFIKKN2 (Fig. 1). These are functional

candidate genes associated to BCO, as discussed below.

The aggrecan gene (ACAN) is one of the most important cartilage aggregating chondroitin
[29]. This gene is essential to the regulation of growth factors and cartilage development
[30, 31], and it is associated with diseases such as skeletal dysplasia [32], osteoarthritis [33],



43

osteochondritis [34, 35] and chondrodystrophy in chickens [36]. In addition, SOX8 and SOX9
play an important role as transcription factors in the development of cartilage, controlling the
differentiation of chondrocytes and osteoblasts in the development of progenitor cells [30, 31,
37,38,39,40,41,42].

The CHAD gene (Chondroadherin) is highly expressed in cartilage and was first isolated in
cattle [43], direct binding with calcium phosphate [44]. Hessle et al. (2013) [38] showed
that CHAD has an influence on the enlargement of the epiphyseal plate and its inactivation
compromises the hypertrophic differentiation of the chondrocytes, as well as the cartilage
composition in rats. An important CHAD paralog is CHADL, which can negatively regulate
chondrocyte differentiation, inhibiting cartilage fibrillogenesis and can be used as a marker
for cartilage diseases [45].

Collagen type XI (COLI11) constitutes a triple helix formed by COLI11al, COL11a2 and
COL12al, being an essential component of the extracellular matrix-regulating the diameter
of the fibrils [46,47,48,49]. In the absence of COL11al, an alternate triple helix is formed
with COL11a2 and COL5al, but it is unable to compensate for the functional deficiency of
Collagen 11al [50]. COL11 is essential for the cartilage collagen fibrils formation and for dif-
ferentiation and organization of growth plate chondrocytes [51]. The COL11al plays a key
role in endochondral ossification, and the low expression of this gene results in alterations in

the mineralization of newly formed bone [40].

The Cartilage Oligomeric Matrix Protein (COMP) is a non-collagenous protein present in the
extracellular matrix of bone and cartilage, and mutation in this gene can cause death of the
chondrocytes [52]. Chondrocyte death can be caused by the retention of COMP and other
extracellular matrix proteins within an enlarged rugged endoplasmic reticulum, and this can
lead to an abnormal matrix that is easily eroded over time [53]. In addition, COMP may be a

potential molecular marker for bone diseases [54,55,56].

The CSGALNACT]1 gene encodes the N-acetilgalactosaminiltransferase enzyme, which has
activity in beginning and the elongation of the chondroitin sulfate synthesis [57]. In rats,
reduced levels of CSGALNACT1 may cause post-natal lethality due to respiratory failure,
mild dwarfism and the cartilage has an abnormality of endochondral ossification [58, 59].

Cysteine-Rich Angiogenic Inducer 61 (CYR61 or CCN1) is part of the group of matricellular
proteins [60], being associated with extracellular matrix secretion [61]. Furthermore, CYR61
has important role in regulating inflammation and possible cell repair [62]. This gene po-
tentiates DNA synthesis for cell proliferation induced by other mitogens [63] in response to

bacterial or viral infection [64, 65].

Frizzled Related Protein (FRZB/SFRP-3) is part of the set of Secreted Frizzled-Related Pro-
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tein (SFRP1), which comprises five members that modulate negatively and positively the
Wingless-type (Wnt) signaling cascade [66]. Wnt signaling cascade is important for reg-
ulating the development, maintenance and homeostasis of bone and cartilage [67]. There-

fore, dysregulation of Wnt signaling may lead to the development of osteoarthritis in rodents
[67,68,69,70,71].

Hyaluronan and Proteoglycan Link Protein 1 (HAPLN1/CRTLI) is an abundant polysaccha-
ride in the extracellular matrix of cartilage under normal conditions and is involved in cell
differentiation and morphogenesis [72,73,74]. Recent studies have shown that in bone dis-
eases in humans, such as osteoarthritis and allograft transplantation, there is always a low
HAPLNI expression [75, 76].

The Indian hedgehog (IHH) gene is expressed in cartilage, and it is recognized as regulator
of bone development and morphogenesis [77]. IHH induces the differentiation of the os-
teogenic cell of the periosteum, being essential in the differentiation of the osteoblasts and
in the maintenance of the growth plate, articular cartilage and adjacent endochondral bone
formation [78,79,80]. Jin et al. [81] demonstrated that a deletion in the IHH gene was respon-
sible for the Creeper phenotype in broilers, which is characterized by short and stunted legs.

In addition, a mutation in this gene causes brachydactyly in humans [82].

Chondromodulin (CNMD) regulates the rapid growth of cartilage and vascular invasion prior
to the process of cartilage replacement by the endochondral bone [83]. New evidence on the
mechanism of differentiation of mesenchymal stem cells (CTMs) into chondrocytes induced
by ChM-I shows that the main pathways involved in the process are focal adhesion, glycolysis,
regulation of the actin cytoskeleton and the ribosome [84]. In osteoarthritis condition, the
expression of ChM-I is decreased. Therefore, the regulation of this gene in cartilage may be
a potential treatment, because it protects the chondrocytes from hypertrophy and delays the

progression of osteoarthritis [85].

Retinol-binding protein (RBP4A) has the function of transporting vitamin A in the blood,
from the liver to the peripheral tissues [86, 87]. Vitamin A plays an important role in the de-
velopment of various organs, including bone growth [88], contributing to bone health [89, 90],
and abnormal levels of Vitamin A may have a negative impact on bone growth [91,92,93,94].
Moreover, RBP4 is expressed during limb growth and this gene is also involved in chondro-

genesis, collagen X transcription and bone mineral density [95,96,97].

Thrombospondin (THBS1) is a glycoprotein that regulates the structure of the extracellular
matrix [98] being involved in the protection of chondrocytes, since it exerts pro-chondrogenic
and anti-inflammatory function [99]. Furthermore, THBS1 seems to be important in home-

ostasis and maintenance of bone matrix integrity, and in the regulation of osteoclast formation
[100].



45

From the 26 DE genes enriching the bone and cartilage development BP, 10 (ALDH1A2,
CDH7, GAL3ST1, KIF26B, PLPPR1, PDE6B, SERINCS, TENM2, UCHL1 and WFIKKN?2)
appear to have no direct relationship to bone or cartilage formation. However, due to the
complexity of these processes, the function of these genes in the regulation of bone cells

could still be unknown, especially in chicken.

Transcription Factors

Nine TF associated to downregulated DE genes were found (Fig. 2), being three of
those highly connected (NFATC2, MAFB and HIF1A:TNA). Several studies have shown
that these TF were related to osteoblast and osteoclast differentiation, and osteolysis
[101,102,103,104,105,106,107,108] The NFATC2 plays important role in the immune
response, and in the differentiation and regulation of osteoclast growth [109]. Zanoti
and Canalis [102] concluded that the activation of NFATC2 may inhibit the function of
osteoblasts and decrease the volume of spongy bone. Furthermore, NFATC2 was associated
with 24 out of 26 DE genes detected as downregulated in the affected chickens (Fig. 2).
Moreover, the MAFB TF, although expressed selectively in monocytes [110], can be
found in several tissues, and has been related to osteolysis in humans and rats [111] by
the negative regulation of important cytokines for osteoclast differentiation [105]. HIFIA
regulates oxygen homeostasis, glucose transport and generation of anaerobic energy in joints
and chondrocytes, and may play an important role in the osteoarthritis metabolism [107,
112]. Four other TF were also found with a high number of connections and appear to be
associated with osteosarcoma (EWSRI1-FLI1 and NFIC), cranium formation (TCF3), soft
tissue calcification and chondrocyte differentiation (NF-KAPPAB) [113,114,115,116,117].

Clinical implications related to BCO include, but are not limited to claudication. There is no
efficient treatment and the diagnosis is not possible in early stages, being necessary to perform
a necropsy. The DE genes and transcription factors found in this study play a fundamental
role in bone and cartilaginous development in broilers. Their low expression in the affected
chickens seems to be related to incomplete bone formation, initiating the BCO process in
the tibia growth plate of fast-growing chickens. The current findings confirm our hypothesis
and indicate that improvement in ossification and cartilage formation have to be addressed in
poultry breeding programs.
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Conclusions

We found 16 differentially expressed genes in the tibia GP transcriptome that are directly
responsible for bone and cartilage formation, which were downregulated in BCO-affected
broilers. According to our data, the lack of ossification might be the main cause of BCO in
broilers, and the bacterial process seems to be a secondary condition. Moreover, our results
highlight the pathogenesis of BCO, and show that to pursue prevention and control of such
condition, breeding strategies have to focus on the improvement of ossification and cartilage

formation.

Methods

Animals and sample collection

This study was performed at the Embrapa Swine and Poultry National Research Center. Ap-
proximately 50 male chicks from Cobb500 commercial broiler line were raised from 1 to 42
days of age, with a density of 12 broilers/m? with infrared lamps. The drinkers, feeders, cur-
tains, light, and chickens were managed following the recommendations for the commercial
line. Diets containing 3150 kcal/’kg AME and 21% CP (1-21 days), 3200 kcal’kg AME and
20% CP (22-35 days), and 3200 kcal’kg AME and 18.5% CP (3642 days) were provided.
The animals had free access to feed and water. Before sample collection, the broilers were
weighted at 42 days of age and euthanized by cervical dislocation followed by bleeding, ac-
cording to the approval of the Embrapa Swine and Poultry Ethical Committee of Animal Use
(CEUA), under protocol number 012/2012.

A classification of the tibia was performed according to the presence or absence of different
levels of BCO, by visual observation of compatible necrosis lesions, according to Wideman
et al. (2012) [3]. Tibia samples with adhesion between the growth plate (GP) and cartilage
(CA) were considered in the normal group and those presenting separation between GP and
CA were classified as the affected group. Only those with the initial level of BCO and present
in both tibias were used in this study. For sample collection of the normal group, all CA was
removed to access the GP. The entire GP of samples were collected, stored in liquid nitrogen
and transferred to the — 80 °C freezer for further RNA analysis. Six samples (three normal

and three affected) were collected and prepared for RNA-Seq analysis.

RNA extraction and library preparation
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About 100 mg of the tibia GP tissue was used for RNA extraction using Trizol Reagent (In-
vitrogen, Carlsbad, CA) following the manufacturer’s instructions. The RNA cleanup was
performed using Rneasy mini kit (Qiagen, Germany) following manufacturer’s instructions.
After RNA extraction, the RNA was quantified in Nanodrop spectrophotometer (Thermo Sci-
entific; Waltham, MA, USA) and the Agilent 2100 BioAnalyzer (Agilent Technologies; Santa
Clara, CA, USA) was used for integrity measurement, where samples with RNA integrity
number (RIN) higher than 8 were used for library preparation. A total of six tibia samples,
three normal and three BCO-affected were prepared for RNA-sequencing using the TruSeq™
RNA Sample Prep Kit v2 (Illumina, Inc.; San Diego CA, USA), according to the manufac-

turer’s recommendations, with 2 pg of total RNA.

Sequencing, quality control, assembly and differential expression analysis

The libraries were sent to the Functional Genomics Center, ESALQ, University of Sdo Paulo,
Piracicaba, SP, Brazil for sequencing in Illumina HiSeq2500 equipment (Illumina, Inc.; San

Diego CA, EUA), all in the same lane, following the 2x100bp paired-end protocol.

The quality control was performed using SeqyClean tool (https://github.com/ibest/seqyclean))
with the raw FASTQ data for removing short reads (<70pb), low quality reads (Qphred < 24),
PCR artifacts and adapter sequences. The sequence reads were mapped against the chicken
reference genome (Gallus gallus, assembly 5.0) available in (www.ensembl.org), using BWA-
MEM software [118]. The read counting was performed with Htseq software [119] using
Ensembl annotation release 89. The edgeR package [120] in R environment [121] was used
to identify differentially expressed (DE) genes from BCO-affected and unaffected groups.
Significance threshold for DE genes was set at a False Discovery Rate (FDR) < 0.05 after
multiple correction tests to reduce type I error. Smear plots of DE genes were generated
using the expression data for each gene within each sample in the edgeR package from the R

environment [121].

Gene Ontology (GO) and Network Analyses

In a first step, a total of 192 DE genes with log Fold Change (logFC) < — 2.0 and > 2.0 was
used as input on DAVID Bioinformatics Resources 6.8 tool (https://david.ncifcrf.gov/summ
ary), and all the identified expressed genes were used as background. Genes with positive or
negative logFC values were considered, respectively, upregulated or downregulated when the
BCO-aftfected group was compared to the unaffected group. In a second step, a GO analysis
was performed using only upregulated DE genes (63 genes) and only downregulated DE genes
(129 genes).


https://github.com/ibest/seqyclean
https://david.ncifcrf.gov/summary
https://david.ncifcrf.gov/summary
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The gene and transcription factor (TF) network analysis was built using Cytoscape 3.6.1 [16].
The output of GO analysis was used as input on Cytoscape with each gene associated with
the correspondent biological process. Twenty-six genes were submitted to the TFM-Explorer
program (http://bioinfo.lifl.fr/tfm-explorer/form.php) to identify the TF related to them.
From sequence of a set of gene promoters, TFM-Explorer searches for locally overrepresented
transcription factor binding sites (TFBS) using weight matrices from JASPAR database [122]

to detect all potential TFBS, and extracts significant clusters by calculating a score function.
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ABSTRACT

Backfat is an important trait and has been chosen as a trait to improve feed efficiency and
high lean meat yield. Although adipose tissue is a good energy storage, excessive fat leads
to obesity, diseases in humans and economic losses either in human medicine, as well as
animal health and production. Genome Wide Association Studies (GWAS) have been widely
used for finding variants, however, there is still the needed to reduce the map regions to find
causative mutations. For this reason, we aimed to fine map a QTL region on chromosome 5
related to backfat in 4 commercial pig breeds. For GWAS we used 122084 genotyped animals
distributed among the breeds Synthetic =31,183; Landrace = 38,298; Pietrain = 16,189, Large
White = 36,414 and, for fine-mapping it was used 659 whole genome sequenced animals (
Synthetic = 187; Pietrain = 40; Landrace = 227; Large White = 205). From the leadSNP
(most significant SNP) on GWAS we phased the haplotype and found a core haplotype with
7 SNPs across breeds. In this region we have identified three variants in different intronic
regions in the CCND2 gene. Using RNA-Seq and ChIP-Seq dataset we have found peaks of
H3K27me3 and H3K4me3 markers, which indicates regulation of gene expression during the
embryonic development and RNA-Seq dataset from embryos and fetuses have confirmed that.
In this study a strong QTL region is associated with backfat and we have showed that there
are three candidate variants associated with this trait located in intronic regions of CCND?2
gene indicating that this region seems to have promoters involved on the CCND2 expression
during pre-natal development.

Keywords: sequencing; ChIP-Seq; GWAS; haplotype; RNA-Seq
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INTRODUCTION

Backfat (BFE) is an important trait in pork production and therefore it has been included
in the breeding objectives of genetic companies for decades (MERKS, 2000). Due to the
(negative) genetic correlation, by decreasing BFE it is also possible to increase traits such as
feed efficiency and meat yield, which is very valuable for the pork chain. However a strong
selection for decreasing BFE also decrease other fat content such as intra-muscular fat which
is important for meat quality (CHEN et al., 2014; FONTANESI et al., 2012; LONERGAN et
al., 2001).

Adipose tissue has an important role as storage of energy (WANG; PENG; Y1, 2016), however,
excessive fat may cause obesity leading to diseases in humans such as hypertension, diabetes
and cancer (HANSON et al., 2014; RAJENDER RAO; LAL; GIRIDHARAN, 2014) and
economic implications in pig breeding affecting the feed efficiency and meat quality (LON-
ERGAN et al., 2001). Furthermore, fat and fatty acids contribute importantly to the quality
and nutritional content of the meat (WOOD et al., 2008). The amount of saturated fatty acids
(SFA), monounsaturated fatty acids (MUFA) and polyunsaturated fatty acids (PUFA) is im-
portant for the processing industry. Thickness and fatty acid components of subcutaneous fat
play an important role in dry-cured hams and BFE prevent excessive loss during seasoning
period (BOSI; RUSSO, 2016).

For a better understanding of quantitative traits suchas BFE, a further look on the genetics ba-
sis of these traits is required. The development of commercial SNP chips has enabled GWAS
to efficiently map regions throughout the genome affecting fat-related traits (DO et al., 2014;
FONTANESI et al., 2012; FOWLER et al., 2013; OKUMURA et al., 2013). While GWAS
identify significant marker associations, the current commercial SNP chip density often leads
to clusters of markers (due to extended linkage disequilibrium) covering a region that is still
too large to allow accurate identification of the responsible genes or variants. Hence, there is
still the need of fine mapping these clusters if the aim is to find causative relations between

gene(s) or variants that affect economically important traits such as BFE.

In this study, we identified a QTL region on chromosome 5 with strong association with BFE.
Further, we aimed to fine map this QTL region in order to identify the causative mutation(s)

related to BFE and better understand the biological process of this trait.
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MATERIALAND METHODS

Data

Data from five pig populations, Synthetic line , Pietrain, Landrace, Large-White and Duroc
were available for this study. The trait evaluated was backfat (BFE), measured with at the
end of the test period (on average 120 Kg of live weight). Two datasets from each population
were used: ALL and GENOTYPED. The dataset ALL consisted of all genotyped animals and
their contemporaries (Synthetic: 125,319, Landrace: 223,723, 86,361, Pietrain: 97,358, and
Large-White: 175,757) animals (Table 1). Using ALL, the phenotypes were pre-corrected
for all non-genetic effects. The pre-corrected phenotype was used as the response variable
in further analysis. The non-genetic effects were estimated within line using the following
animal linear model in ASReml v3.0 (GILMOUR et al., 2009):

BFE;;;; = p+ sex; + hym; + ay, + litter; + €, (1)

where BEF'E ;;,; is the phenotypic record of the kanimal; p is the overall mean, sex; is the
fixed effect of sex i, hymj is the fixed effect of the herd-year-month j of birth, a,, is the

random additive genetic effect of animal k, [itter, is the random effect of litter [ and e, ;;; is the

ijk
random residual effect. The vector of additive genetic effects was assumed to be distrii)uted as
~ N (0, Ao?), which accounted for the (co)variances between animals due to relationships
by formation of an A matrix (pedigree-based numerator relationship matrix), o2 being the
additive genetic variance. The vector of litter effects was assumed to be distributed as ~
N (0, Io?%), with I being an identity matrix and 0% the litter variance. The vector of residual

effects was assumed to be distributed as ~ N (0, Io?), o2 being the residual variance.
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Table 1: Summary statistics of the datasets used in this study.

Population  Dataset N  Mean(mm) SD(mm) Min(mm) Max(mm)
Alll 125,319  9.98 2.28 3.5 294

Synthetic o/ otyped? 31,183 9.48 197 35 23.5
Pictrain All 97358 772 158 3.5 28.8
Genotyped 16,189 732 138 3.5 19.9

Landrace Al 223,723 7.0l 1.66 3.5 27.0
Genotyped 38,298 7.59 1.68 3.9 20.8

Al 175,757 12.62 274 3.5 29.9

Large-White

Genotyped 36,414 1252  2.60 4.0 29.5
Duroc Al 37,991  8.70 204 4.0 20.0
Genotyped 11,274  8.13 219 4.0 20.0

I ALL: consisted of all genotyped animals and their contemporaries, which
was used for pre-correction of the phenotypes.

2 Genotyped: a subset of ALL that includes only genotyped animals which
was used for the genome-wise association analyses.

Genotypes

The dataset GENOTYPED was a subset of ALL consisting of all animals that had both pheno-
types and genotypes (Synthetic: 31,183, Landrace: 38,298, Duroc: 11,832, Pietrain: 16,189
and Large-White: 36,414) (Table 1). All animals from the GENOTYPED dataset were geno-
typed using a medium density SNP chip, which was mainly the (Illumina) GeneSeek custom
50K SNP chip (Lincoln, NE, United States). However, a part of the animals from the Syn-
thetic, Duroc and Pietrain populations were genotyped using either the (Illumina) GeneSeek
custom 80K SNP chip (Lincoln, NE, United States) or the Illumina Porcine SNP60 Bead-
chip (Illumina, San Diego, CA, United States). In addition, 319 Synthetic, 228 Pietrain, 441
Landrace, 140 Duroc, and 401 Large-White genotyped animals were also genotyped using
the Axiom porcine 660K array from Affymetrix (Affymetrix Inc., Santa Clara, CA, United
States) (Table 2).

Table 2: Number of animals genotyped with each chip density and DNA sequenced

Population 50K 60K 80K 660K All Sequenced
Synthetic 25,193 739 5,251 319 31,183 187
Pietrain 10,396 1,414 4,379 228 16,189 40
Landrace 38,298 - - 441 38,298 227
Large-White 36,414 - - 401 36,414 205
Duroc 6,139 1,174 3,961 140 11,274 -
Total 116440 3327 13591 1529 133358 659

Quality control was performed within population and SNP chip in order to exclude SNPs with
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GenCall <0.15 (Illumina Inc., 2005), call rate < 0.95, minor allele frequency <0.01, strong de-
viation from Hardy-Weinberg equilibrium (x*> 600), SNPs located on sex chromosomes and
unmapped SNPs. The positions of the SNPs were based on the Sscrofall.l assembly of the
reference genome. Animals with frequency of missing genotypes > 0.05 would be removed
from the dataset. However, all genotyped animals had a frequency of missing genotypes <

0.05 and were therefore kept for further analyses.

After the quality control, the medium density genotypes where imputed towards the high
density genotypes within population using Fimpute v2.2 (SARGOLZAEI; CHESNAIS;
SCHENKEL, 2014). After imputation, a total of 31,183; 16,189; 38,298; 36,414 and 11,274
animals and 488,585, 504,525, 443,619, 518,659 and 417,532 SNPs were available for
the Synthetic, Pietrain, Landrace, Large-White and Duroc populations, respectively, were
available for the genome-wide association study (GWAS).

GWAS

A single-SNP GWAS was performed with the GENOTYPED dataset and the imputed high
density genotypes within each population using the following linear animal model in GCTA
(YANG etal., 2011, 2014):

yi =+ XB+uy + ey )

where ;. is the pre-corrected phenotype of the k animal (pre-corrected for all non-genetic
effects); u is the average of the pre-corrected phenotype; X is the genotype (0, 1, 2) of the k
animal for the evaluated SNP; B is the unknown allele substitution effect of the evaluated SNP;
uy, 1s the random additive genetic effect, being that the vector of additive genetic effects was
assumed to be distributed as ~ N (0, Go2), which accounted for the (co)variances between
animals due to relationships by formation of an G matrix (genomic numerator relationship
matrix build using the imputed 660K genotypes), o2being the additive genetic variance; and

ey, is the random residual effect which was assumed to be distributed as ~ N (0, [c2).

The proportion of phenotypic variance explained by a SNP was defined as a% ne/ 012), where
012j is total phenotypic variance (sum of the additive and residual variances) which was esti-
mated based on model (2) without a SNP effect, and 0’% NP = 2pqa2, being p and q the allele
frequencies and « the estimated allele substitution effect of the evaluated SNP. The associa-

tion between a SNP and the phenotype was declared significant when —log,(P) > 8.
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Fine-mapping

In order to search for possible causal mutations, we chose the most significant analysis that
overlap across the largest number of populations for more in-depth analysis. For this specific
region, which turned up to be the around 66 mega bases on Sus Scrofa chromosome (SSC)
5, we performed further haplotype analysis using whole-genome sequence, ChIP-Seq and
RNA-Seq data.

Haplotype Analysis

Beagle 5.1 (BROWNING; BROWNING, 2007) was used to phase the imputed
high density genotypes taking 0.5 Mb downstream and 0.5 Mb upstream from the
lead SNP (SSC5:66103958) in the QTL region SSC5:66 £ 0.5 Mb, and we focus
on the 40 SNPs surround the lead SNP (20<leadSNP>20) using HaploPi pipeline
(https://github.com/hanielcedraz/HaploPi) which has built and calculated the haplotype

frequencies.

Sequence Data

Whole-genome sequence (WGS) was used to access a sequence level SNP for the haplotype
region (SSC5:66094630-66140348). For this purpose, 659 animals (Synthetic = 187; Pietrain
=40; Landrace = 227; Large White = 205) were available (Table 2). Genomic DNA from ear
biopsies was extracted using BioSprint DNA Kit (Qiagen, Hilden, Germany) and its concen-
tration and quality was measured using NanoDrop ND-1000 spectrophotometer (NanoDrop
Technologies, DE, USA). The data was sequenced on Illumina Hiseq 2000, 2x100 paired-
end reads. For alignment of the sequences to the Sscrofall.l genome build (WARR et al.,
2019) we used BWA-MEM version 0.7.15 (LI; DURBIN, 2009) with an average mappability
0f 96.11% and a sample coverage ranging from 6.6-22.7X (10X average). Samtools dedup
function was used to remove PCR duplicates (LI et al., 2009). Variant calling was performed
with Freebayes v1.1.0 with following settings: -min-base-quality 10 min-alternate-fraction
0.2 haplotype-length 0 min-alternate-count 2 (GARRISON; MARTH, 2012). Variants with
phred quality score < 20, and within 3 bp of an indel were discarded (LI et al., 2009). Variants
were annotated using the Ensembl variant effect predictor (VEP, release 90) (MCLAREN et
al., 2016). The impact of missense variants was predicted using SIFT (KUMAR; HENIKOFF;
NG, 2009).


https://github.com/hanielcedraz/HaploPi
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ChIP-Seq and RNA-Seq Analysis

ChIP-Seq and RNA-seq data were downloaded from European Nucleotide Archive (ENA)
data base. ChIP-Seq project PRIEB31483 (pig alveolar macrophages), PRINA436619 (pig
muscle) and PRIEB31482 (pig liver). ChIP-Seq data was aligned against the pig reference
genome (S. Scrofa 11.1v) using BWA-mem algorithm (LI, 2013) and the Peak calling was
performed using MACS2 (ZHANG et al., 2008).

For RNA-Seq analysis was used datasets from ENA project PRINA428757 (pig back-
fat) and project PRINA240057 (pig muscle) and dataset provided by Prof. Dr. Si-
mone Eliza Facioni Guimaraes (from pig fetuses and embryos). BAQCOM pipeline
(https://github.com/hanielcedraz/ BAQCOM)) was used to perform the Quality Control using
Trimmomatic v. 0.39 and Mapping against the pig reference genome (S. Scrofa 11.1v)
using STAR v. 2.7.2b. Aligned files were visualized using Jbrowse 1.16.8 (WESTESSON;
SKINNER; HOLMES, 2013). Also, cufflinks v2.2.1 (TRAPNELL et al., 2010) was used to
obtain the Fragments Per Kilobase Million (FPKM).

Haplotype-based association

Using the core haplotype, a haplotype-based association analysis was performed by the num-
ber of copies, using the mixed-model described previously. Animals with two copies of the
core haplotype were codified as 2, animals with one copy were codified as 1 and, animals
which do not have the haplotype as 0. This analysis was performed using all individuals
which have at least one haplotype GCAAG or GCGAG, being 31,085; 16,158; 38,220 and

36,352 animals from synthetic, Pietrain, Landrace and Large-White populations.

RESULTS

In this study, using large-scale genotype and phenotype data, we identified a QTL region on
SSCS5 with a strong association with backfat in four pig breeds (Synthetic, Pietrain, Landrace
and Large White) (Figure 1).


https://github.com/hanielcedraz/BAQCOM
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Figure 1: A schemmatic representation of our study. A) Four pig breeds were used in this
study: Synthetic (Large White based), Pietrain, Landrace and Large-White. B) GWAS peaks
on chromosome 5 associated with backfat for each evaluated breed. C) Manhatan plot show-
ing the most significant SNP (leadSNP - AX-116265245) in Pietrain breed. D) CCND2 gene
model. The location of the mutation on the intron 3 is indicated with a red star. Blue arrow
indicates the reading frame

The QTL region identified on SSC5 explains up to 6% of the genetic variance of backfat in
four out of the five breeds evaluated in this study (Table 3 and Figure 2) in the same region.
This region was not identified only in the Duroc population in which the most significant SNP
identified for the other breeds is not segregating anymore (Figure 3). The most significant
SNP AX-116265245 (SSC5:66103958) for breeds Synthetic (logP = 57.67), Pietrain (logP
= 43.29), Landrace (logP = 67.61) and Large-White (logP = 37.91) was used as leadSNP
to further fine mapping analyses of this region. The frequency of the allele associated with
increased BFE (G) is the highest in the in Large-White population (0.79). In the other popu-
lation where this SNP is still segregating the frequency of the G allele is below 0.40 (0.27 in
the Synthetic, 0.32 in the Landrace and 0.35 in the Pietrain population) (Table 3).



71

Table 3: Most significant SNP identified in the within-breed association analysis.

Line SNP Chr Position Al Frq LogP b SE VgExp VpExp
Synthetic AX-116265245 5 66103958 G 0.2757.670.36 0.02 0.04 0.02
Pietrain AX-116265245 5 66103958 G 0.3543.290.270.02 0.06 0.03
Landrace AX-116265245 5 66103958 G 0.3267.610.240.01 0.05 0.02
Large-White = AX-116265245 5 66103958 G 0.7937.910.330.03 0.02 0.01

SNP: Single Nucleotide Polymorphism; Chr: Chromosome; Al: Reference allele;
Frq: Frequency; LogP: Log P-value; b: Beta coefficient; SE: Standart Error;
VgExp: Genetic Variance explained; VpExp: Phenotypic Variance explained
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Figure 2: GWAS pead on chromosome 5 showing association with backfat for each breed.
EEEE = Synthetic; LLLL = Landrace; PPPP = Pietrain; ZZZZ = Large-White
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Figure 3: Manhattan plot for Duroc breed showing that there is not an association on chromo-
some 5

The heritability (h?) for BFE ranged from 0.42 to 0.54 among the four breeds. Synthetic (0.54
+ 0.01), Pietrain (0.50 = 0.01), Landrace (0.42 + 0.01), Large White (0.52 £ 0.01) and Duroc
(0.43 £0.01) (Table 4).

Table 4: Summary of the Genetic parameters for backfat trait of each pig breed.

Population Va Ve Vp h2
Synthetic 1.19+0.04 1.01+0.01 2.21+£0.04 0.54+0.01
Pietrain 0.56+0.02 0.57+0.01 1.13£0.02 0.50+0.01
Landrace 0.55+0.02 0.77£0.01 1.32+0.02 042+0.01
Large-White 1.68+0.05 1.56+0.01 3.24+0.05 0.52+0.01
Duroc 0.78+0.04 1.03+0.02 1.82+0.04 0.43+0.01

Va Variance Additive;

Ve Variance environment;
VP Variance Phenotipic;
h2 Heritability

Haplotype Analysis

We identified a haplotype of four SNPS (GCAAG) surrounding the leadSNP present in all
breeds (size ~28kb). Using beagle 5.1 (BROWNING; BROWNING, 2007) we phased the
haplotypes and selected the most frequent haplotype associated with less backfat in the four
breeds, which has the A allele as leadSNP. We included two more SNPS (AGCAAGC =
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Synthetic; AGCAAGG = Pietrain; GGCAAGA = Landrace; AGCAAGG = Large-White) to
increase the region to 45kb (minimum size to search regulatory elements). The frequencies
of these haplotypes are 57.70%, 35.87%, 22.67% and 16.85% for each population (Synthetic,
Pietrain, Landrace and Large-White), respectively (Table 5). LD between the variants in the
core haplotype and the leadSNP range from 0.0217944 and 0.956603 (Table 6)

Table 5: Most frequent haplotypes. In red, lead SNPs (Alternative allele (A) which decreases
backfat). In orange, the core region shared by all breeds. In green, the neighbor nucleotides
included to increase the region to 45kb.

haplotypes N.of Haplotypes Frequency = Breed
CCATTAGTTACAGAGTGA A ATCGGGAGTCGTGTGT 35869 57,70 Sinthetic
CCATTAGTTACAGAGTGA A TATCGGGAGTCGTGTG 11591 35,87 Pietrain
TCAAGCTTGACTCAGAAG A CTATCGGTCGTGTACC 17326 22,67 Landrace
GCCATTATTACAGAGTGA A CCTATCGGGAGTCGTG 12252 16,85 Large-White

Table 6: Linkage Disequilibrium between the leadSNP and the variants presented in the core
haplotype

SSC5:66103958

Variants Synthetic Pietrain Landrace = Large-White
SSC5:66094630 0.353006 0.814286 - 0.0300595
SSC5:66097126 0.339592 0.814286 - 0.0283620
SSC5:66100317 0.278956 0.172024 0.143658 0.4840810
SSC5:66107719 0.517851 0.914765 0.956603 0.2363540
SSC5:66126122 0.290814 0.814286 - 0.0217944
SSC5:66140348 0.380046 0.814286 0.143658 0.0487122

Animals homozygous for the A allele have corrected backfat (as explained in the material and
methods section) levels ranging from 3.5 to 27.1mm (Synthetic = 3.8 to 20.5 mm; Pietrain
=3.5to 19.6mm; Landrace = 3.9 to 18.0mm; Large-White = 4.2 to 27.1mm), heterozygous
animals have levels ranging from 3.5 to 29.5mm (Synthetic = 3.5 to 23.5mm; Pietrain = 3.8 to
19.9mm; Landrace = 4.0 to 20.8mm; Large-White =4.0 to 29.5mm) and animals homozygous
for the G allele have levels ranging from 4.0 to 27.3mm (Synthetic = 4.8 to 19.6mm; Pietrain
=4.2 to 13.5mm; Landrace = 4.0 to 18.0mm; Large-White = 4.6 to 127.3mm) (Figure 4).
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Figure 4: Boxplot showing the phenotypic variation of backfat between the genotypes among
the breeds

Whole-Genome Sequence Data Analysis

For fine mapping, we evaluated a total of 659, being 101 homozygous for the A allele and
38 homozygous for the G allele, all with whole-genome sequence data available. Analyzing
the data of these subset of animals, we found two variants (besides the leadSNP) with high
frequency across breeds (SSC5:66103958 (leadSNP) = 1, SSC5:66097445 = 0.924426, and
SSC5:66099282 = 0.7114135) (Table 7).

Table 7: Difference of frequency between the reference and alternative allele for all breeds.
Subtraction of allele frequency (AF) from homozygous A and homozygous G for the lead
SNP of each breed (DeltaAF), then the average from those DeltaAF (avgDeltaAF) across all
breeds.

Positions REF ALT AAFSynthetic AAFLandrace A‘A‘]‘:Pietrain AAFLarge—White AngAF

66103958 G A 1.000000 1.000000 1.0000 1.00 1.0000000
66097445 C G 0.867347 0.892857 0.9375 1.00 0.9244260
66099282 A AG 0.677083 0.428571 1.0000 0.74 0.7114135

AAFBreed Prequency of A allele minus frequency of G allele;
AVeAAF Average of each AAF from each line;

REF Reference allele;

ALT Alternative allele;
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The LD between these variants and the leadSNP varies among the breeds. Variant
SSC5:66099282 (r2Synthetic = 0.466352; r* = 0.533249; 1r2Large_\,Vhite = 0.386646; this
variant is not in LD in Landrace) and the variant SSC5:66097445 (rzsymlmﬁC = 0.632067;
P picain = 0.676933; 17 =0.472127; 1 pewhite = 0.910731) (Table 8). The three

variants are annotated within the intronic region of the Cyclin D2 (CCNDZ2) gene (EN-
SSSCG00000038694).

Pietrain

Landrace

Table 8: Linkage Disequilibrium between the leadSNP and the variants presented in the core
haplotype

SSC5:66103958
Variants Synthetic Pietrain Landrace  Large-White

SSC5:66099282 0.466352 0.533249 - 0.386646
SSC5:66097445 0.632067 0.676933 0.472127 0.910731

CCND?2 Regulatory region

We have identified (three) variants in different intronic regions in the CCND2 gene. Le et
al., (2017) describe the CCND? as a possible candidate gene for back conformation. Further-
more, D-type Cyclin regulate postnatal islet growth pathway (KUSHNER et al., 2005). The
CCND?2 gene in human is located at the chromosome 12. Although the human genome is
better annotated than pig genome, we could not identify regulatory elements just looking at

the reference genome and annotation.

All identified variants are in intronic regions. Using Chlp-Seq data from pig alveolar
macrophages cultured for 2 and 6 hours we identified active and inactive promotors in the
variant regions. On Chr5:66103958 (leadSNP) we found peaks for histone H3 lysine 27
trimethylation (H3K27me3) and histone H3 lysine 4 trimethylation (H3K4me3) marks in
macrophages cultured for 2 and 6 hours, respectively while on Chr5:66099282 we just found
peaks for H3K4me3 in macrophages cultured for 2 hours (Supplementary figure S1).

Using RNA-Seq the average expression level (measured as FPKM) of CCND2 in backfat,
muscle, embryo and fetus was 0.8937968, 0.6865253, 8.2841239 and 8.2732024, respectively
(Figure 5).
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Figure 5: Expression values as FPKM of CCND2 gene in different tissues.

Haplotype-based association

We have performed a haplotype-based association analysis which we compared the associa-
tion with the leadSNP and the core haplotype (GCAAG). The association with the core haplo-
type is lower than the leadSNP (Synthetic: LogP; c,qsnp = 57.67; LOgP oreapiotype = 45-92,
Pietrain: LogP| c.qsnp = 43.29; LOgP reptaplotype = 40.08, Landrace: LogP ¢ qsnp = 67.61;
LogP oretaplotype = 40.68 and Large-White: LogP ¢,qsnp = 37.91; LogP = 32.27).
it means that the leadSNP may be the causal variant itself (Table 9).

coreHaplotype

Table 9: Haplotype-based association using number of copies of the core haplotype shows
association lower than when used the leadSNP.

Line SNP/haplotype LogP b SE VgExp VpExp

Syntheti AX-116265245" 57.67 0.36 0.02 0.04 0.02
ynthetic GCAAG? 45.92 0.29 0.02 0.03 0.02
Pietrain AX-116265245 43.29 0.27 0.02 0.06 0.03
GCAAG 40.08 0.26 0.02 0.05 0.03

Landrace AX-116265245 67.61 0.24 0.01 0.05 0.02
GCAAG 40.68 0.17 0.01 0.02 0.01

AX-116265245 3791 0.33 0.03 0.02 0.01

Large-White GCAAG 3227 0.30 0.03 0.02 0.01
LogP: Log P-value; b: Beta coefficient; SE: Standard Error; VgExp: Genetic Variance explained; VpExp: Phenotypic Variance explained;

! AX-116265245: Most significant SNP on the GWAS analysis (IleadSNP);

2 2GCAAG: core haplotype
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DISCUSSION

Backfat is one of the most important traits in pork production and it is closely related to the
efficiency-related traits of pigs. The composition of lipid in backfat is mainly triacylglycerol
(ROONGSITTHICHAIL; TUMMARUK, 2014), and it is affected by the amount of fat and
feed intake (WOOQOD et al., 1989). In a previous study, van Son et al. (2017) identified a QTL
for fatty acid composition on SSC14 in two out of the pig populations evaluated in this study.
In the current study we identified a QTL with strong association with BFE on SSC5 on four

out of the five evaluated populations.

The most significant SNP was the same in all four population and explains up to 6% of the
genetic variation and 3% of the phenotypic variance of BFE in these four population. In
the Duroc population, where this QTL region was not identified, the most significant SNP
identified in the other populations is not segregating, being fixed for the G allele, which is
associated with increased backfat. This indicates that this region has been heavily selected

already in the Duroc population, a breed known for excels on meat quality traits.

Several studies have reported QTLs and candidate genes to possibly identify functional mu-
tations in different chromosomes associated with backfat in pigs (FONTANESI et al., 2012;
PANT et al., 2015; ZHU et al., 2014). However, we have identified one strong candidate
SNP (leadSNP) located on SSC5:66103958 which is shared across breeds according to the
performed fine mapping. Pietrain, Synthetic, and Landrace breeds have high frequency for
the A allele, which is associated with less backfat, while Large White has high frequency
for the G allele which is associated with more backfat, however, Large White has the lowest

p-values among the four breeds.

The leadSNP is present within intron 3 of the CCND2 gene which is essential for control
of secreting beta-cells and growth of pancreatic islet (KUSHNER et al., 2005; LU et al.,
2009). Nevertheless, the core haplotype is present in a region taking CCND?2 gene and
LOC106507534 (a non-conding RNA (ncRNA) - https://www.ncbi.nlm.nih.gov/gene/1065
07534). Using the human genome annotation, the CCND2 gene region is located on chromo-
some 12 and LOC106507534 (pig annotation) seems to be a long non-coding RNA (IncRNA)
named CCND2-AS1 (human annotation). This IncRNA is associated with regulation of Wnt/b-
catenin signaling which directly regulates cell proliferation, cell polarity and cell fate determi-
nation during embryo development and tissue homeostasis (LOGAN; NUSSE, 2004; ZHANG
etal., 2017).

For fine mapping the core haplotype region we used both animals which were genotyped
and had the whole genome sequenced. From the core region with seven SNPs (~45kb) we

narrowed down to a region with three variants (~6kb) with high allele frequency across


https://www.ncbi.nlm.nih.gov/gene/106507534
https://www.ncbi.nlm.nih.gov/gene/106507534
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breeds. Two variants (SSC5:66097445 and SSC5:66099282) are within intron 4 and the
variant SSC5:66103958 is located within intron 3 of CCND2 gene. Le et al., (2017) has

identified the CCND2 gene as a possible candidate for back conformation in Landrace.

Since we have identified the three candidate variants, we searched for regulatory elements
using ChIP-Seq and RNA-Seq data. Using ChiP-Seq data from pig alveolar macrophages
cultured for 2 and 6 hours we have found H3K27me3 and H3K4me3 marks on the region
of the three variants, indicating that there are histone modifications during the embryo devel-
opment (ERHARDT et al., 2003; VAN DER HEIJDEN et al., 2005; WANG; DEY, 2006;
ZHANG et al., 2009) which are associated with gene repression and activation, respectively
(RINGROSE; PARO, 2004; SCHUETTENGRUBER et al., 2007). We have not found any
epigenetic mark around the variants using data from muscle and liver. In addition, we used
RNA-Seq data from backfat and muscle tissues in which CCND2 gene was expected to be
highly expressed (PEREZ-MONTARELO et al., 2014), however, the expression level in these
tissues was lower than the expected. Using RNA-Seq from fetuses and embryos we identified
high expression for the CCND2 gene. High expression of CCND2? is associated with adipose
tissue development and differentiation (VAITTINEN et al., 2011).

Since 1964 is already known that histones are modified post-translationally (ALLFREY;
FAULKNER; MIRSKY, 1964) and there exist many types of histone modification, such as
acetylation, phosphorylation, methylation and others, however, histone methylation does not
alter the overall charge of the molecule (XHEMALCE; DAWSON; BANNISTER, 2011). In
this study we have used histone methylation marks that occur mainly, but not only, on the side
chains of lysine residuals and it can be mono-, di- or tri-methylated, meaning that the lysine
methyltransferase can catalyze one, two or three methyl groups on the histone tails during
the methylation and may have different functional consequences. H3K4me3 and H3K27me3
are histone marks trimethylated and, according to BERNSTEIN et al., (2006), they may be
important for Embryonic Stem cell differentiation and self-renew. Furthermore, these marks
are active and repressive, respectively, in the regulation of developmental important genes
on stem cells during pre-natal stage in mammals (BOGLIOTTI; ROSS, 2012; LI, 2002). We
hypothesize that the expression of CCND2 gene has been regulated during the pre-natal devel-
opment stage and these results suggest that the causal variant might be located in the region
of SSC5:66097445-66103958 which is regulating the CCND2 gene.

Due to the low LD between the leadSNP and the other variants in the core haplotype, we hy-
pothesized that the Lead SNP could be the causal variant itself. Haplotype-based association
analysis has shown that the association with the core haplotype is lower than the association

with the leadSNP, it may confirm our hypothesis that the leadSNP is the causal variant itself.

Although the association found on chromosome five is high, the genetic variant explained
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is low, up to 6%. Duroc population was the only one which did not identify the QTL, due
to the leadSNP is already fixed for the G allele, which is related to increasing backfat. It is
interesting because Duroc has been selected for meat quality and it may indicate that this SNP

or gene can have some influence in other traits related to backfat and meat quality.

It is also interesting to note that breeds which have the lowest average backfat, such as Pietrain
and Landrace, the G allele is still segregating at high frequency. Finally, as expected, Large-
White population has the highest backfat and the highest frequency for the G allele. However,
the Synthetic breed has the second higher average backfat and shows the lowest frequency of
the G allele.

CCND? gene is somehow involved and is a strong candidate gene for backfat deposition in
pig, nevertheless, more specific data such as ChiP-Seq and RNA-Seq from embryonic stage
tissue from the same population is needed to have a better conclusion and better understanding
how this gene is involved in this process. Furthermore, we could demonstrate that the impact
of epigenetic and genetic coding in embryonic or fetal life can greatly impact production traits

in adult animals.

CONCLUSION

In thisstudy we identified a strong QTL on SSCS5 associated with backfat in four out of five pig
breeds. The QTL was not identified in Duroc’s breed due to that SNP is not segregating any-
more in this population, seems to be already fixed. The leadSNP, AX-116265245, explaining
up to 6 percent of genetic variance is high associated with backfat on the other breeds. Fine
mapping of this region on SSC5 showed that there are three candidate variants associated
with decreasing backfat located in intronic regions of the CCND2 gene and the leadSNP may
be the causal mutation for this association. Moreover, CCND2 gene has shown to be high
expressed during embryo development and it seems to have some influence on expressing the

phenotype in the adult life.
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GENERAL CONCLUSIONS

In the current research we have shown the applicability of Next Generation Sequencing (NGS)
data in Animal Science, presented different possibilities to use for these types of data and how
to do it, as well as the benefits of its use in genetic breeding studies. NGS has been used widely
in the agriculture field, especially in Animal Breeding. Along three chapters we have shown
its application at development of a tool for transcriptome analysis and, analyzing quantitative
and health traits in pigs and chickens, contributing for a better understanding of the molecular

genetics of backfat in the pig and bacterial chondronecrosis with osteomyelitis in birds.

The second chapter in this thesis has described the development of a pipeline for NGS analysis.
BAQCOM is mostly written in R language and its usage is easy and simple. Performing
quality control, mapping and counting reads using the best available software. In multithread
processing and multi samples, the pipeline can facilitate the command line for those who are
not comfortable with the UNIX environment. Moreover, BAQCOM has shown to be efficient
and fast in its analysis. Although the main purpose of BAQCOM is to analyze RNA-Seq
data, it can be used for other type of NGS data such as whole genome sequence (WGS) and
metagenomics as well. Additionally, there is the flexibility to integrate other genomic tools

in the future, such as fine-mapping analysis.

In the first published paper (third chapter), entitled “RNA-seq reveals downregulated osteo-
chondral genes potentially related to tibia bacterial chondronecrosis with osteomyelitis in
broilers” we found, using RNA-Seq, 16 differentially expressed genes in the tibia growth
plate transcriptome that are directly responsible for bone and cartilage formation, which were
downregulated in Bacterial Chondronecrosis with Osteomyelitis (BCO)-affected broilers. Ac-
cording to our data, the lack of ossification might be the main cause of BCO in broilers, and
the bacterial process seems to be a secondary condition. Moreover, our results highlight
the pathogenesis of BCO, and show that to pursue prevention and control of such condition,
breeding strategies have to focus on the improvement of ossification and cartilage formation.
Moreover, we conclude that the use of RNA-Seq data is suitable for discover the molecular

cause of diseases.

In the second paper (fourth chapter), we have identified a QTL on SSCS5 with strong associa-
tion with backfat in four pig breeds. Using genotype data, we have found a high significant
SNP which have led us to fine map the QTL region using WGS, RNA-Seq and ChIP-Seq
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data finding three candidate variants associated with decreasing backfat located in intronic
regions of the CCND2 gene. Using ChIP-Seq data we were led to believe that there are an
epigenetic modifications during the embryonic stage with histone marks such as H3K27me3
and H3K4me3 in the studied genomic region. Indeed, using RNA-Seq of embryos and fetuses

we could testify that there is high expression of CCND?2 gene in the same genomic region.

In Animal Breeding there is a long history of working with genomic selection using only geno-
typing and phenotyping data, trying to identify quantitative trait loci and their application. It
might be because animal breeding has put more focus on statistical approaches and prediction
models and less focus on molecular data. However, they should be working together, filling
in the gaps of each approach. In this thesis, we have used genotyping, phenotyping, transcrip-
tome, ChIP-Sequence and WGS data, integrating all together to narrow down a QTL region.
These results and the proposed tool in the current thesis are valuable for a better understanding

of the genetic architecture and to improve the livestock breeds in the future.



