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RESUMO

O tecido muscular de animais da raca Nelore (Bos indicus) é alvo de estudos que visam
o melhoramento de caracteristicas de qualidade de carne, que afetam a aceitacdo do
consumidor. Assim, € de grande importancia a investigacdo de mecanismos de regulagéo
que impactam a expressdo de genes funcionalmente relacionados a tais fendtipos.
Andlises de expressao alelo-especifica (ASE, do inglés allele-specific expression) sdo
ferramentas poderosas na identificacdo de regides sob efeito de regulacéo diferencial
entre dois alelos pois evidenciam a existéncia de variantes em cis capazes de regular a
transcricdo em cada haplotipo. Se a expressédo alélica depende da origem parental do
alelo, ocorre o imprinting gendmico. Mecanismos epigenéticos, como a metilacdo do
DNA, e cis-reguladores, como a ligacao de fatores de transcricdo (TFs) e de micro RNAs
(miRNAs), podem ser responsaveis por esses padrbes de expressdo quando o SNP
regulador estiver em heterozigose. Assim, a fim de analisar a implicacdo da ASE sobre a
regulacdo génica e variacdo fenotipica em musculo de animais Nelore, esse estudo
identificou SNPs localizados em regibes de ASE (ASE SNPs) em todo o genoma,
apontando quais podem ser associados a fenotipos de qualidade de carne, e predizendo
as respectivas variantes potencialmente reguladoras. Além disso, através de analises de
metilacdo alelo-especifica (ASM, do inglés allele-specific methylation) e de associacao
de SNPs com o efeito de origem parental sobre fenétipos (PO-QTLs, do inglés parent-of-
origin quantitative trait loci) sugerimos potenciais candidatos ao imprinting genémico em
bovinos e os potenciais impactos nos fenotipos de interesse. A partir desse projeto foi
identificado o maior conjunto de ASE SNPs em musculo bovino, com 38.177 ASE SNPs,
e 24.650 variantes cis-reguladoras (entre aseQTLs, associadas a ASE e cis-eQTLs,
associadas a transcricao) putativas capazes de regular tais padrbes de expressdo. A
variacdo de 55 fenétipos de qualidade de carne foi associada a um total de 1.479 ASE
SNPs (entdo chamados DASE SNPs, do inglés differential ASE SNPs) e a 1.817 PO-
QTLs. Foram identificadas 8.074 regides com ASM, apontando novos genes candidatos
ao imprinting gendmico para futura validacdo. Foram hipotetizados os mecanismos de
regulacao e os processos biolégicos envolvidos com 0s nossos achados. Tais resultados
contribuiram para o aumento do conhecimento acerca da regulacdo génica em musculo
bovino, propondo regides gendmicas candidatas a validacéo e aplicacdo em programas
de selecdo gendmica que visam o melhoramento da qualidade da carne de animais
Nelore.

Palavras-chave: expressdo alelo-especifica, melhoramento animal, genémica, zebu,
epigenética



ABSTRACT

The muscle tissue of Nelore cattle (Bos indicus) is the focus of studies aimed at improving
meat quality traits that influence consumer acceptance. Therefore, investigating
regulatory mechanisms that affect the expression of genes functionally related to these
phenotypes is of great importance. Allele-specific expression (ASE) analyses are powerful
tools for identifying regions under differential regulatory effects between two alleles, as
they highlight the presence of cis-regulatory variants impacting transcription on each
haplotype. If the allelic expression depends on the parental origin of the allele, genomic
imprinting occurs. Epigenetic and cis-regulatory mechanisms can be responsible for these
expression patterns, such as the binding of transcription factors (TFs), microRNAs
(miRNAS), and epigenetic mechanisms like DNA methylation when the regulatory SNP is
heterozygous. Thus, to analyze the implications of ASE on gene regulation and
phenotypic variation in Nelore cattle muscle, this study identified SNPs located in ASE
regions (ASE SNPs) across the genome, pointing out those potentially associated with
meat quality traits and identifying putative regulatory variants. Furthermore, through
analyses of allele-specific methylation (ASM) and association of SNPs with parental origin
effects on phenotypes (PO-QTLs, parent-of-origin quantitative trait loci), we suggest
potential candidates for genomic imprinting in cattle and their possible impacts on traits of
interest. This project identified the largest set of ASE SNPs in bovine muscle to date,
comprising 38.177 ASE SNPs, and 24.650 putative cis-regulatory variants (aseQTLs,
associated with the ASE and cis-eQTLSs, associated to the transcription) able to regulate
such expression patterns. The variation in 55 meat quality phenotypes was associated
with a total of 1.479 ASE SNPs (referred to as DASE SNPs, differential ASE SNPs) and
with 1.817 PO-QTLs. Additionally, 8.074 ASM regions were identified, highlighting new
candidate genes for genomic imprinting for future validation. The regulatory mechanisms
and biological processes involved in our findings were hypothesized. These results
contribute to advancing knowledge about gene regulation in bovine muscle, proposing
genomic candidate regions for validation and application in genomic selection programs
aimed at improving the meat quality of Nelore cattle.

Keywords: allele-specific expression, animal breeding, genomics, zebu, epigenetics
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1 CONTEXTUAL FRAMEWORK OF THE THESIS
1.1 Introduction
1.1.1 The Nelore cattle in Brazil

Beef is widely known as one of the main food sources on the globe. The Bos
indicus breed, zebu, is the most common in Brazilian herds, with about 218 million
animals in 2019 (UTSUNOMIYA et al., 2019). Zebu cattle are characterized by their
distinctive hump, which produces a highly valued cut of meat in Brazil, as well as
large ears and excess skin. The most prominent attribute of zebus is their excellent
adaptation to tropical climates, tolerating high temperatures and lower-quality feed,
and demonstrating superior resistance to parasites compared to taurine cattle
(UTSUNOMIYA et al., 2019).

The most predominant zebu breed in Brazil is Nelore, accounting for
approximately 80% of all Brazilian cattle, including both purebred animals and
crossbreeds (SANTANA et al., 2016). However, Nelore cattle produce meat with
lower tenderness (BRESSAN et al., 2011) and marbling compared to Bos taurus

cattle (COOKE et al., 2020), features that directly influence consumer acceptance.

1.1.2 Relevant traits for beef improvement

For traits related to growth performance, traditional B. indicus cattle breeding
efforts have produced significant annual genetic improvements (FERNANDES
JUNIOR et al., 2022), but for meat quality traits it is still a work in process.
Tenderness is one of the most important focuses in genetic improvement programs
for zebu breeds due to being the most important factor for consumer acceptance
(KOOHMARAIE; WHEELER; SHACKELFORD, 1995). Shear force is the most used
method to measure beef tenderness, equivalent to the force needed to cut a steak,
that is negatively correlated with beef tenderness (i.e., the shear force increases,
while tenderness is decreased). This measurement is typically obtained using the
Warner-Bratzler equipment (WHEELER; SHACKELFORD; KOOHMARAIE, 1997).

Postmortem muscle is tender immediately after slaughter, getting tougher
with the absent production of ATP, resulting in the rigor mortis process in the
following 24 hours (GUO; GREASER, 2022; KOOHMARAIE; WHEELER;
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SHACKELFORD, 1995). The tenderization process occurs through proteolytic
processes that degrade structural muscle proteins (KOOHMARAIE; WHEELER,;
SHACKELFORD, 1995). The muscle fiber comprises the sarcolemma, T-tubules,
sarcoplasmic reticulum (SR), mitochondria, and myofibrils. The SR stores and
regulates calcium ions, essential for muscle contraction, while mitochondria handle
oxidative metabolism and ATP production. Myofibrils consist of sarcomeres, the
smallest contractile units, with thin actin flaments attached to Z-lines and the protein
titin providing structural support. Titin aligns actin and myosin, prevents
overstretching, and contributes to passive tension. ATP depletion causes rigor
mortis, where actomyosin bonds become permanent, influencing sarcomere length,
water-holding capacity, and meat tenderness. Postmortem, myofibrillar proteins
(e.g., desmin, TnT, titin) are degrade, primarily through the calcium-activated calpain
system (KOOHMARAIE; WHEELER; SHACKELFORD, 1995), with cathepsins, also
potentially involved in tenderization processes (GUO; GREASER, 2022). The
distribution of these proteins in the muscle fiber is shown in Figure 1.1.

As mentioned before, calcium plays an important role in muscle tenderization.
Mineral concentration in meat can reflect its nutritional impact on human health,
being part of the process of muscle homeostasis, and associated with meat quality
and livestock performance (DINIZ; BANERJEE; REGITANO, 2019). Sodium is a
mineral required for multiple processes such as the active membrane transport of
biomolecules, but it's overconsume can be associated with hypertension, harming
human health (DOYLE; GLASS, 2010). Iron is responsible for the transport and
attachment of oxygen in the blood. Beef is one of the major sources of iron in the
human diet, which functions in the transport and attachment of oxygen in the blood.
Iron deficiency is associated with anemia, but its higher consumption can increase
the risk of type Il diabetes and cancer (CZERWONKA; TOKARZ, 2017). In addition,
the content of sodium, magnesium, phosphorus, and sulfur macro-minerals in beef
was positively correlated with the beef color indices a* (redness) and b*
(yellowness), while a negative correlation was found between the essential minerals

(sulfur, potassium, and zinc) and cooking losses (PATEL et al., 2019). Another study
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also showed that meat flavor significantly correlates with copper, iron, magnesium,

phosphorus, potassium, sodium, and zinc (GARMYN et al., 2011).

Muscle fiber
Sarcoplasmic
T-tubule Mitochondria reticulum

Sarcolemma /7

Myofibrils

Titin filament/( Thick filament
e s e o

Thin filament Bare zone

Actin Tropomyosin Troponin Myosin Titin

o

Figure 1.1 - Microstructure of a muscle fiber. Source: Guo and Greaser (2022).

Diniz, Banerjee, and Regitano (2019) reviewed studies that showed evidence

of the relationship between minerals and the lipid profile in cattle muscle. As

mentioned, B. indicus cattle have less marbling than other taurine breeds. Thus, the

improvement of marbling, also known as intramuscular fat (IMF), and a reasonable

increase in fat deposition can benefit B. indicus cattle. Additionally, fatty acids have

been extensively studied, evaluating their effects on human health (DUGAN et al.,

2011). Saturated fatty acids (SFAs) are known to increase low-density lipoprotein

(LDL) cholesterol, popularly known as the “bad” type of cholesterol. However, early

studies showed that SFAs are still important for maintaining desirable high-density
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lipoprotein (HDL) levels and are not associated with cardiovascular disease
(VAHMANI et al., 2015). Beef can be a valuable source of polyunsaturated fatty
acids (PUFASs) as long-chain omega-3 (n3) and healthy cis-monounsaturated fatty
acids (MUFAs) (VAHMANI et al., 2015). A diet with a balanced omega-6 (n6)/n3 ratio
and n3-PUFAs is essential for physiological functions and helps reduce the risk of
several diseases (ZARATE et al., 2017).

Fatty acids are also related to beef palatability. From a correlation study with
1,737 Longissimus muscle samples from Angus cattle with multiple collected
phenotypes, stearic acid (C18:0), linoleic acid (C18:2), arachidonic acid (C20:4), and
PUFA were negatively correlated with tenderness. At the same time, MUFA showed
a positive correlation with this phenotype. Juiciness was negatively correlated with
C18:2, a-linoleic acid (C18:3), C20:4, and PUFA (GARMYN et al., 2011). Given the
increasing world’s demand for high-quality beef, applying genomic selection
techniques can be very beneficial for improving meat quality traits in Nelore cattle
(FERNANDES JUNIOR et al., 2022).

1.1.3 Genomic selection and association studies

Beginning with initiatives to enhance dairy cows, pedigree records and
performance data were foundation for developing genetic selection programs in the
pre-genomic era. In the early selection procedures, the producers selected animals
with desirable milk production, followed by comparisons of this trait between
daughters and dams. After that, the researchers observed the need to consider the
environmental factors as the contemporary comparisons in genetic models
(WEIGEL et al., 2017). Next-generation sequencing technologies have emerged as
powerful tools for genome-wide variant screening, helping to increase the coverage
of mutations throughout the genome. The availability of genomic data enabled the
inclusion of genomic relationship matrices in genetic evaluation models, leading to
the genomic selection era (WEIGEL et al., 2017).

Genomic selection for meat quality phenotypes allows greater accuracy in
predicting the animal's genetic potential, usually determined indirectly by measuring
phenotypes after slaughtering individuals from the same family. Compared to the

early methods to estimate breeding values, the genomic selection makes possible
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the identification of quantitative trait loci (QTLs) (WEIGEL et al., 2017), which consist
of functional variants associated with phenotypic variation obtained from methods as
the genome-wide association studies (GWAS) (HAYES; GODDARD, 2010). The
QTLs can comprise genomic windows with multiple variants or single nucleotide
polymorphisms (SNPs), markers widely used in large-scale genotyping (CHANG et
al., 2018) corresponding to a single nucleotide variation that doesn’t match the
reference sequence.

Among the limitations of GWAS methods is the requirement for a large initial
sample set and considerable genome coverage (CHANG et al., 2018; SCHAID;
CHEN; LARSON, 2018). Additionally, QTLs typically have a low effect on complex
phenotypes (HAYES; GODDARD, 2010), that are often epistatic or pleiotropic,
reflecting multifaceted dynamics between markers and genes. Furthermore,
identifying causal variants is difficult due to the linkage disequilibrium (WEIGEL et
al., 2017), which refers to the non-random association of alleles at different loci. The
genetic complexity of the phenotype must be known prior to analysis, controlling
relevant variables by estimating the Genomic Estimated Breeding Values (GEBVSs,
i.e., the genetic merit of animals based on phenotypes corrected by known
environmental factors) or to include these effects directly in the association model
(CHANG et al., 2018; SCHAID; CHEN; LARSON, 2018).

Another important factor to consider in GWAS is the relatively high costs to
obtain high-density SNP genotypes in large sample sizes. An alternative to reduce
costs while still obtaining a suitable dataset is SNP imputation methods (BALDING,
2006; SCHAID; CHEN; LARSON, 2018). Imputation techniques fill gaps in missing
genotypes by leveraging the linkage disequilibrium of known variants from a subset
of samples with higher coverage, applying maximum likelihood or probabilistic
approaches. Thus, imputation techniques significantly enhance the number of SNPs
available for association analysis (SCHAID; CHEN; LARSON, 2018).

Expression information can help us understand the functional relevance of the
related genes with metabolic pathways (NICOLAE et al.,, 2010), helping us
understand the mechanisms involved in the relationship between genotype,

transcription, and phenotype. Thus, in addition to phenotypes, other dependent
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variables can be used to associate variants with other factors, such as gene
expression, and identify eQTLSs.

The integration of GWAS results with gene expression data obtained through
RNA sequencing (RNA-seq), often demonstrates that QTLs associated with traits of
interest can also be identified as eQTLs, meaning SNPs associated with gene
expression (NICOLAE et al., 2010; SCHAID; CHEN; LARSON, 2018). Although it is
arbitrary, eQTLs can have their regulatory potential classified based on their distance
from the regulated gene: if such variants are located within 1 Mb of the genes, they
are classified as cis-eQTLs, and if the distance between the eQTLs and the genes
exceeds 1 Mb, they are classified as trans-eQTLs (YAO et al., 2017). Cesar et al.
(2018) identified cis and trans-eQTLs associated with intramuscular fat phenotypes

in muscle samples from a Nelore population.

1.1.4 Allele-specific expression as a tool to identify cis-regulation

Since alleles in the same DNA strand can be affected by cis-eQTLs (MASON
et al.,, 2018), these elements may be linked to genes that exhibit allele-specific
expression (ASE) (KHANSEFID et al., 2018; MASON et al., 2018). ASE analysis,
which is used to integrate genotypic and RNA sequencing data (genome and
transcriptome) (CASTEL et al., 2015; CHAMBERLAIN et al., 2015), is a very helpful
tool for identifying cis-regulatory causal variants by observing which allele is being
expressed or repressed (ZOU et al.,, 2019). ASE is defined by the imbalanced
expression of two alleles of the same locus of a diploid organism (PASTINEN, 2010),
observed only in heterozygous loci where RNA-seq counts for one allele are more
abundant than the ones from the other allele (Figure 1.2).

The presence of genes with ASE in bovine is common and tissue-specific
(CHAMBERLAIN et al., 2015). The ASE pattern was found in muscle from Bos
taurus cattle, where the authors identified 5,658 SNPs marking regions with ASE
(ASE SNPs) from whole-genome sequencing data from 19 Limousin animals, with
2,107 overlapping meat and carcass quality QTLs (GUILLOCHEAU et al., 2019).
From genotypes obtained with the Illumina BovineHD BeadChip (770 K SNPs) and
190 Nelore samples, 820 ASE SNPs were identified in Bos indicus muscle cattle,

affecting genes functionally related to muscle homeostasis (DE SOUZA et al., 2020).
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These manuscripts suggest that ASE analyses are highly dependent on dense
genotype coverage and large sample sizes, showing that ASE SNPs are extensively

spread in bovine muscle and may influence meat quality characteristics.

(a)
Allelic balance Allele-specific expression Monoallelic expression
or allelic imbalance

(b) Allelic expression () Context-dependent allele-specific expression
quantification with RNA-seq

= N 1=
Q .ﬂ

Current Opinion in Genetics & Development

Figure 1.2 - Expression patterns. a) Representation of expression patterns; b) Allele-
specific expression detection from RNA-seq; c¢) Potential mechanisms regulating
allele-specific expression in a context-dependent manner. Source: Robles-Espinoza
et al., (2020)

There are different categories for the ASE (Figure 1.2). The allelic imbalance
can be categorized as monoallelic (Figure 1.2A, third example), i.e., if only one allele
is expressed or there is a substantial differential expression between the alleles. It
can be context-specific (Figure 1.2C), reflecting the ASE level difference between
samples submitted to different conditions, treatments, environments (KNOWLES et
al., 2017), or phenotypes; there is no convention for naming this class of ASE, but

we will call it differential ASE (DASE) in this entire manuscript.
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As ASE is calculated for each sample, the impact of technical issues present
in total expression investigations is minimized (CASTEL et al., 2015). A
heterozygous genotype for the tested SNP is required for ASE analysis, which
counts transcript reads corresponding to each allele independently to identify allelic
expression (CASTEL et al., 2015).

An issue of ASE analysis is that RNA-seq reads exhibit alignment bias,
favoring the reference alleles’ expression (DEGNER et al., 2009). Some methods
can be used to prevent this effect, including using a masked reference genome,
personalized genomes, or the WASP software (VAN DE GEIJN et al., 2015). The
WASP program has been widely used, since it was shown to have the best
performance when comparing the efficiency of these methods (CASTEL et al., 2015;
VAN DE GEIIN et al., 2015). Finding SNPs in the reference genome, flipping their
nucleotides to the alternative variants, and re-mapping the reads with varying
mapping efficiencies is the foundation of WASP mapping bias removal (VAN DE
GEIJN et al., 2015).

Following alignments, a quality check is carried out based on the minimal
mapping quality, base quality, and number of reads per SNP after eliminating
duplicates (ROBLES-ESPINOZA et al., 2021). It is advised to acquire allele-specific
counts at each site per animal, using the GATK ASE Read counter tool and the
GATK pipeline for RNA-seq processing. The relative expression of reference and
alternative alleles can be computed using these counts (CASTEL et al., 2015). The
binomial test examines the difference between the alleles’ expression and the
expected proportion value in a biallelic expression (0.5), consisting of one of the
most traditional methods for determining the statistical difference between allele-
specific reads (CASTEL et al., 2015).

1.1.5 Parent-of-origin effects and genomic imprinting

If a gene shows monoallelic ASE depending on the parental origin of the
allele, it is classified as genomic imprinting. This phenomenon, which emerges
through epigenetic changes such as DNA methylation, is crucial for the development
of mammals (FERGUSON-SMITH; SURANI, 2001). Imprinted genes in the bovine
model have been the subject of few published studies (DINDOT et al.,, 2004;
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KARAMI et al., 2019), and until this date, no research on B. indicus animals has
been found.

Since selection can affect an animal's development, its impact on the
expression pattern of imprinted genes needs to be carefully considered (SMITH et
al., 2015). Furthermore, imprinting may impact how the phenotypes being selected
manifest in the progeny. This is because only the allele acquired from a particular
parent will be expressed in the offspring for genes that have an imprinting effect.

Despite imprinting being the most studied parent-of-origin effect (POE), POEs
can also happen without direct association with gene expression. POEs did not
follow the Mendelian inheritance, as the contribution of alleles to the phenotypic
variation of the progeny is dependent on which progenitor this allele came from
(GUILMATRE; SHARP, 2012). This phenomenon can result from maternal/parental
genetic effects that are exhibited in the progeny without transmitting any causal
mutation, from random monoallelic expression and epigenetic effects in response to
the environment.

There has been described evidence of POEs affecting complex traits
(LAWSON; CHEVERUD; WOLF, 2013; MOTT et al.,, 2014). Multiple QTLs for
various traits were found showing POEs in the mice model (MOTT et al., 2014). The
parental origin contribution to 33 performance traits in pigs was tested using an
imprinting model, showing that genomic imprinting accounted for between 5% and
19% of the overall additive genetic variance (NEUGEBAUER; LUTHER; REINSCH,
2010).

Traditional association models usually consider the allelic contribution of the
two parents as equivalent, thus failing to identify the influence of heritable
components and POEs on the phenotypic variation (GUILMATRE; SHARP, 2012).
POEs can emerge from genetic interactions and epigenetic modulations mediated
by environmental conditions (GUILMATRE; SHARP, 2012). Most POE/imprinting
studies use methods that lie on the trio information, i.e., high-density genotypes from
each parent and their offspring. Unfortunately, trio data are costly for large sample
datasets.
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The evidence that heterozygous samples have more phenotypic variance
than homozygous samples at loci showing POEs was described. These findings
were combined with the expected pleiotropic effect of genes in complex traits,
supporting the premise to the development of POIROT software, that is able to study
POEs without trio information. POIROT applies a Robust Omnibus Test to compare
the phenotypic covariance matrix of heterozygotes and homozygotes (HEAD et al.,
2023).

By identifying regions with ASE or imprinting, it is possible to identify different
cis-regulatory or epigenetic polymorphisms associated with these expression
patterns, as well as relate them to phenotypes of interest, being an ally to
conventional methodologies (CHENG et al., 2015). In addition, the integration
between allelic expression information and potentially functional variants in the
context of livestock traits should contribute to the mapping of regulatory elements,
whose prioritization has great potential to increase the accuracy of genomic selection
(XIANG et al., 2019).

1.1.6 Regulatory mechanisms affecting gene expression

Herein, this study has already highlighted how the ASE study is a powerful
tool for searching for this expression pattern's causal variants. Since allelic
expression can result from cis-regulatory elements, aseQTL (Allele-Specific
Expression Quantitative Trait Loci) identification analyses were developed to identify
elements directly responsible for ASE and not generalized to total expression such
as eQTLs (BATTLE et al., 2014). However, aseQTL analysis is more conservative
than an eQTL association due to the requirement of animal groups that are
heterozygotes for SNPs in expressed regions. Thus, both analyses can complement
screening for regulatory variants affecting ASE regions.

Once the candidate regulatory variants have been identified, fine mapping is
necessary to get close to the causal SNPs (ZOU et al., 2019). It is possible to
prioritize SNPs based on the predicted functional consequence by considering their
genomic locations. The potential functional effect of the SNP can be classified
according to whether it is present in protein-coding DNA regions or non-coding
regions (SCHAID; CHEN; LARSON, 2018). The impact of the variant in coding
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regions is greater if the nucleotide change of the SNP alters an amino acid and,
consequently, the structure of the protein or its isoforms (YUAN et al., 2006). SNPs
located in non-protein coding regions are more common in the genome and tend to
have a regulatory role (SCHAID; CHEN; LARSON, 2018). When the SNP changes
the amino acid, but the peptide is not lost early, the variation is classified as non-
synonymous, and if this variation changes the protein structure, it is missense
(YUAN et al., 2006). Intronic variants can modify transcription factor binding sites
(TFBSs) but with a lower potential impact than expected in promoter regions (YUAN
et al., 2006).

Cis-regulatory or epigenetic regulatory mechanisms may act on potentially
regulatory variants in an allele-specific manner. Cytosine methylation in CpG
dinucleotide-rich regions (CpG islands) is considered a marker for gene silencing
and imprinting (PFEIFER, 2000). This happens when proteins bind to the methyl
group, preventing transcription factors from accessing the appropriate locations and
promoting chromatin condensation, which renders the DNA strand transcriptionally
inactive (MOORE; LE; FAN, 2013). Methylation and gene silencing have an intricate
association because, as a recent research has demonstrated, significant
demethylation at CpG sites follows transcriptional activation in response to an
infection, which is a downstream effect of transcription factors (TFs) binding (PACIS
et al., 2019).

TFs are proteins responsible for controlling RNA-Polymerase recruitment to
the DNA in the transcription, which can activate or block gene expression. These
proteins act by binding in TF motifs, generally located in the promoter region (WANG
et al., 2015). Gaur et al.,, (2013) reviewed multiple studies on the regulatory
mechanisms affecting allelic imbalance and illustrated that allele-specific differences
in TF binding and open chromatin can influence gene expression, partly driven by
heritable genetic variation. In a similar dynamic, miRNAs have an affinity to their
binding sites, located mostly on the 3° UTR end of target genes in mammals,
degrading the mRNA and blocking translation (CANNELL; KONG; BUSHELL, 2008).
As represented in Figure 1.2C, TFBSs or miRNAs motif changes are also known cis-

regulatory mechanisms that can result in ASE (GAUR et al., 2013).
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These exposures demonstrate the importance of conducting ASE studies to
better understand the regulatory landscape of gene expression. They help increase
knowledge about POEs, such as genomic imprinting, and draft hypotheses about

their functional impact on beef cattle phenotypes.
1.2 Justification

Given the increasing number of studies exploring candidate genes that may
Impact the phenotypic variation of traits relevant for meat quality improvement, the
identification of markers responsible for regulating the expression patterns of these
genes is highly needed. Since the identification of these regulatory variants is
improved through ASE analyses, this study aimed to identify genome-wide ASE
SNPs in B. indicus muscle, also identifying those that directly impact muscle-related
traits (DASE SNPs) and predicting the related cis-acting variants and their respective
regulatory mechanisms. Furthermore, the identification of PO-QTLs and ASM
regions are complementary factors to better understand the ASE pattern, identify
genomic locations under parental effect and point out potential candidates for
imprinting in cattle. This work complemented results from previous studies and
provided multiple novel knowledge layers for the genetic regulation in B. indicus

muscle. A representation of these variants is represented in Figure 1.3.
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Figure 1.3 — Representation of variants described in this study. A) Schematic
representation of a diploid genome, showing RNA-seq reads with different allelic
representations (i.e., allele 1 and allele 2) mapping to an example gene on each
chromosome. Allele-specific methylation (ASM) refers to methylation occurring in a
CpG region specific to only one haplotype. B) lllustration of a SNP marking the allelic
expression ratio observed for the example gene (ASE SNP) and aseQTLs, which
are cis-regulatory variants associated with the level of allelic imbalance in the ASE
SNP. C) Representation of eQTLs, which are variants associated with the total
expression of the example gene. By definition, a cis-eQTL is located within 1 Mb of
the coding region, whereas a trans-eQTL is located beyond 1 Mb from the coding
region. D) Interpretation of Differential Allele-Specific Expression (DASE), which is
based on differences in allelic imbalance levels between groups of animals with
contrasting phenotypes. E) Explanation of the test used to identify Parent-of-Origin
(PO)-QTLs: In a region affected by PO effects, higher phenotypic variance is
expected in the heterozygous group.
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1.3 Objectives
1.3.1 Main Objective

To identify markers associated with the regulation of muscle phenotypes
using approaches that consider ASE and parent-of-origin effects, with potential

future applicability in Nelore beef improvement programs.

1.3.2 Specific Objectives

e To identify ASE SNPs in bovine muscle from a dense set of genotypes
obtained through imputation and identify cis-eQTLs and aseQTLs regulating
these genomic regions;

e To associate ASE with meat quality phenotypes by identifying DASE SNPs;

e To identify QTLs associated with meat quality phenotypes that exhibit parent-
of-origin effects;

e To identify ASM regions using reduced representation bisulfite sequencing
(RRBS) data, highlighting evidence of new candidate imprinted genes;

e To evaluate the most promising variants for further exploration as potential

markers for meat quality in cattle.
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2 IDENTIFICATION OF ASE SNPS, ASEQTLS, AND CIS-EQTLS FROM A
DENSE GENOTYPE PANEL

In this chapter, we will describe the obtention of the genotype and allelic
counts files, with the related RNA-seq mapping procedure used for multiple purposes
of this Doctorate Project. These results were published in the Journal BBA Gene
Regulatory Mechanisms on October 8th, 2022. The manuscript is transcribed into

the following subsections and its header is shown in Figure 2.1.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.bbagrm.2022.194886.
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2.1 Abstract
Single nucleotide polymorphisms showing allele-specific expression (ASE

SNPs) are useful for cis-regulatory variants discovery. Despite this potential, there
are expensive costs involved in genome-level ASE analysis for large sample sizes.
If different data resolutions are available, genotype imputation can be used to
mitigate this limitation. Aiming to increase the power to detect regulatory variants,
we used a large dataset (>4 million) of imputed SNP genotypes and RNA-Seq data
from 190 Nelore steers. Differences between major and minor allele expressions in
muscle were tested with a Binomial Test. We identified 38,177 ASE SNPs (FDR <
0.05) within 7304 linkage disequilibrium blocks. After that, we searched for aseQTLs
(i.e., neighboring SNPs potentially regulating the ASE SNPs' allelic expression) by
comparing the ASE of heterozygous to homozygous sample groups under a
Wilcoxon Rank Sum test. We identified 21,543 aseQTLs potentially regulating 430
ASE SNPs (FDR = 0.05). A total of 3333 cis-eQTLs (being 2098 ASE SNPs and
1075 aseQTLs) were associated with the expression of 758 transcripts (FDR < 0.05),
demonstrating the cis-regulatory effect of these ASE SNPs and aseQTLs. Data
integration showed reproducibility with previous studies in bovine ASE and genomic
imprinting. Furthermore, we identified 36,756 novel ASE regions due to the
imputation approach. Comparisons with epigenetics data from Functional Annotation
of Animal Genomes (FAANG) suggest a regulatory potential of the ASE-related
SNPs. The affected genes were enriched in metabolic pathways essential for muscle
homeostasis. These findings reinforce the potential of using ASE for discovering cis-
regulatory SNPs that may affect muscle-related traits.

Keywords: Cattle Cis-regulation Epigenetics Genomics Data integration
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2.2 Introduction

Single nucleotide polymorphisms (SNPs) are markers used in large-scale
genotyping to assess the associations between phenotypes and genomic variants
[1]. The new generation sequencing enables fast and accurate high-density
genotyping, but it is expensive for large sample populations. The SNPs' imputation
can reduce costs by inferring unobserved genotypes in lower density panels,
mediated by linked SNPs with known genotypes from sequencing data obtained from
fewer samples [2,3].

The use of genotypic information and RNA sequencing (RNA-Seq) data from
the same population enables the identification of SNPs showing allele-specific
expression (ASE SNPs), i.e., regions presenting imbalanced expression between
the alleles inherited from each parental chromosome [4,5]. When the differential
expression between two alleles is parentally-dependent, the observed ASE pattern
responds to genomic imprinting and commonly presents monoallelic expression [6].
Finding expressed or repressed alleles assist in the search for causal cis-regulatory
variants [7,8].

The ASE SNP identification is insufficient to know which SNPs regulate its
expression pattern, as regulatory variants are usually located in non-coding regions
[9]. Thereby, ASE is caused by multiple cumulative cis-regulatory mechanisms
affecting the allele [10], e.g., transcription factor (TF) binding within accessible
chromatin regions, which are modulated by DNA methylation and histones
modifications [11]. These mechanisms can act as aseQTLs, i.e., SNPs directly
associated with the allelic ratio disequilibrium of the ASE SNPs [12], and cis-eQTLs,
i.e., SNPs that regulate the expression of nearby transcripts in the genome [13].

Recently, the presence of the ASE has been investigated in cattle
[5,7,9,14,15], exploring related cis-regulatory mechanisms [7,16]. Chamberlain et al.
[5] reported tissue-specific allelic imbalance in Holstein cattle. Studies on Nelore and
Limousin cattle muscle have shown that ASE is well distributed across the
chromosomes [7,14] and varies among samples [14]. The studies mentioned above
suggest that genes presenting allelic expression imbalance (ASE genes) are

relevant for muscle maintenance and have been associated with beef quality traits
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[7,14]. In addition, Silva et al. identified copy number variation regions (CNVS)
associated with tenderness in Nelore muscle [17]. CNVs result from losses and gains
of sequence due to structural alterations that can affect the results of ASE analysis
[18].

As ASE is detected by sample, the number of variants available to test is more
informative for evaluating the ASE profile than the population size. In a previous
study performed in the muscle of 190 Nelore steers, based on the 770 K genotypes
from Illumina Bovine HDBead Chip, De Souza et al. identified a total of 820 ASE
SNPs within 530 genes, whereas with whole-genome sequencing data from an
experimental population of 19 Limousin muscle samples, Guillocheau et al. [7]
identified 6908 ASE SNPs within 2451 genes, although this later study used the
previous UMD3.1 bovine assembly.

In commercial genotyping chips, the SNPs are selected to represent linkage
disequilibrium (LD) regions, so multiple SNPs cannot be tested for ASE if the
selected SNP is not heterozygous in a given sample. Our assumption is that using
a larger genotype dataset could increase the probability of finding heterozygous
SNPs and considerably improve the coverage of ASE regions identified in this 190-
steers Nelore population. The increased coverage would thus provide more SNPs
to be tested and encompass more muscle-transcribed genes. Therefore, the higher
density of the ASE profile in Nelore muscle would benefit the discovery of causal
SNPs, i.e., the variants affected by cis-regulatory SNPs, such as cis-eQTLs and
aseQTLs, or those showing a regulatory potential by themselves.

In this study, we used a large dataset of imputed SNP genotypes to increase
the power to detect regulatory variants in bovine muscle. We identified ASE SNPs
and aseQTLs, pointing out those that are also cis-eQTLs in the muscle of a Nelore
population. The results were compared to previous data in the same population from
the Illumina BovineHD BeadChip genotypes (770 K SNPs) [14] and ASE data
detected in the muscle of Limousin cattle [7]. Altogether, we increased the available
variants to about 4 million SNPs, enhanced the coverage of discovered ASE in

bovine muscle, and showed consistency with previous reports. Furthermore, we
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presented potential regulatory variants and regulatory mechanisms related to the

ASE pattern and its role in muscle homeostasis.

2.3. Methods
2.3.1 Experimental animals and sample collection

All the experimental procedures were carried out according to the
corresponding guidelines provided by the Institutional Animal Care and Use
Committee Guidelines of Embrapa Pecuaria Sudeste (S&o Carlos, Sao Paulo, Brazil.
Protocol CEUA 01/2013), that approved all experimental protocols (CEUA Process
01/2013). The animals used in this manuscript are a subset of a Nelore steer
experimental population described elsewhere [19]. Longissimus thoracis muscle
samples, between the 11th and 13th ribs, were collected from all animals at
slaughter and stored at - 80 -C until RNA extraction, as reported by Tizioto et al. [19].
We selected 190 animals with RNA-Seq and high-density genotypic data for this
work, being the same samples used in previous studies of our group [14,16], to

ensure comparability.

2.3.2 RNA extraction and sequencing

RNA extraction was carried out with 100 mg of muscle tissue per sample
using TRIzol reagent (Life Technologies, Carlsbad, CA, USA) following the
manufacturer's protocol. Details on RNA extraction, quality control, and sequencing
were previously published [20]. The RNA sequencing was performed in an lllumina
HiSeq 2500 equipment (lllumina, San Diego, CA, USA) at the Genomics Center
(ESALQ, Piracicaba, Séo Paulo, Brazil). Sequencing adapters and low complexity
reads were removed with SeqyClean software (https://github.com/ibes t/seqyclean),
and quality control was carried out using the FASTQC software version 0.10.1
(https:/lwww.bioinformatics.babraham.ac. uk/projects/fastqc/). The RNA-Seq data is
available on the European Nucleotide Archive (ENA) under the following accession
codes: PRJEB13188, PRJEB10898, and PRJEB19421. The RNA-Seq data were
mapped to the reference genome ARS-UCD1.2 [21] using the STAR software

(v2.7.8) [22] with the default parameters. The bam files were used as inputs for the
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WASP pipeline [23] to find and remove duplicated reads and the ones showing

mapping bias.
2.3.3 DNA extraction and genotyping

DNA extraction and quality control were executed as previously described
[24]. Genotypes were called in the lllumina GenomeStudio software and reported in
previous studies [19,24]. BovineHD genotypes were phased using Eagle [25] and
imputed using the Minimac3 program [26] as described in detail previously [27].

Briefly, the major panel used in SNP imputation was constructed with whole-

genome sequence data from 26 progenitors of our subset population, processed

according to the 1000 Bulls Genomes Project (http://www.1000bullgenomes.com/)
guidelines. PLINK software (v1.9) [28] was used to filter the SNPs selecting only
informative ones, i.e., autosomal and with minor allele frequency (MAF) > 0.01. To
compute the imputation accuracy, a leave-one-out cross-validation method was
applied. To do this, one progenitor was sorted out and included as a target sample
for imputation, considering the same SNP density as the progeny. This process was
repeated for the 26 progenitors. The ratio between the number of incorrect imputed
alleles and the total of alleles imputed in the tested sample is the allelic imputation
error rate. The correlation between the true and imputed genotype is the imputation
accuracy. For quality control, we used the PLINK software. SNPs showing
imputation accuracy <0.98 or allelic imputation error rate >0.02 were filtered out.
Additionally, only autosomal SNPs with a minor allele frequency higher than 0.01
were kept for further analysis [27]. All analyses were carried out using the ARS-
UCD1.2 assembly of the bovine reference genome [21].

In this work, the filtered imputed genotypes were phased using Beagle (v5.2)
[29], following the default parameters. The SNP files were indexed with BCFTools
(v0.1.19) [30], concatenated, and sample filtered with VCFTools (v0.1.15) [31]. The
resulting file contained 4,812,912 SNPs and 190 animals. We obtained the linkage
disequilibrium (LD) blocks from this genotype file using the PLINK software (v1.9)
[28], with the default parameters. The method for accounting for the LD was the D
prime (D'), i.e., the normalized measure of allelic association, which estimates the

recombination history between pairs of SNPs [32].
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We used the following parameters: testing the LD blocks with variants up to
200 kb distant from each other, with MAF = 0.05. As the D' method did not consider
the variant frequency, the MAF threshold was applied to avoid inflation of LD with
rare variants, as better described previously [32]. Considering a 90% D' confidence
interval, strong LD was observed between a D’ lower bound above 0.7 and an upper
bound with at least 0.98. Upper bounds <0.9 indicate strong evidence of historical

recombination.

2.3.4 ASE analysis

The major and minor alleles counts were obtained from heterozygous SNPs
using GATK ASE Read Counter from GATK v4.2 [4]. To avoid inflation of allelic ratios
in low expressed SNPs, we required ten reads that mapped an SNP to test this
variant in ASE analysis. Throughout the manuscript we consider reference alleles to
be the most frequent in our Nelore population (i.e., major alleles), and alternative
alleles are those least frequent (i.e., minor alleles). Using an R script (R version:
4.1.1), major and minor alleles’ counts for each SNP were compared per animal
against the expected value of 0.5 (a scenario with a balanced allelic expression ratio)
using the Binomial Test, which is a traditional test for ASE analysis [33]. We used
the Benjamini-Hochberg method to correct the False Discovery Rate (FDR) of the p-
values. The tests resulting in FDR < 0.05 were considered significant, and the

respective variant was classified as an ASE SNP.

2.3.5 aseQTL association

For the aseQTL analysis, we searched for SNPs associated with the allelic
imbalance pattern of ASE SNPs in a window of 200 kb upstream and downstream
to the ASE SNPs position, since aseQTLs were mostly located within this range in
our previous study [16]. Ten heterozygous samples for each ASE SNP and ten
heterozygous samples for each SNP located in the genomic range to be tested
(candidate SNP) were required. The tests were executed per ASE SNP window,
comparing the genotypes for the candidate SNPs to the allelic expression imbalance

(AEI) of the ASE SNP, measured per sample, as follows: AEI = ¢ _ 0.5| where:

ref+alt
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ref are the counts that mapped the major allele and alt correspond to the number of
counts that mapped the minor allele. When AEI tends to zero, it indicates minimal
ASE. When AEI approximates 0.5, it corresponds to a high ASE level. The AEI of
ASE SNPs from homozygous and heterozygous samples for the candidate SNP
were compared using a Wilcoxon Rank Sum Test. The resulting p-values were
corrected for FDR using the Benjamini- Hochberg method. The significant aseQTLs
were the candidate SNPs in which the heterozygous group showed a higher allelic

imbalance than the homozygous group [12,16], with FDR < 0.05.

2.3.6 cis-eQTL screening

We performed a cis-eQTL analysis to evaluate the ASE SNPs and aseQTLs
effect on the related transcripts' expression. For this analysis, we selected transcripts
of all ASE genes from the bovine annotation file downloaded from Ensembl release
103. Salmon software (v1.8.0) [34] adopting full decoy was used to quantify the
abundance of all transcripts. The abundances were associated with the genotypes
of the related ASE SNPs and aseQTLs. For the association analysis, we used a
linear regression model implemented by MatrixEQTL R package (v2.3) [35],
including sequencing lane and contemporary group (farm of origin, birth year, and
slaughter date) as fixed effects and age at slaughter as a covariate, according to a
previous study [20].

The tests were performed pairwise between all transcripts from the same ASE
gene and the respective ASE SNPs or aseQTLs. The resulting 8 values correspond
to the slope coefficient, which can be interpreted as the effect size in expression
caused by the increase of minor alleles of the tested SNP, considering the remaining
variables as constant. If the beta value is positive, the minor allele increases the
transcription, and if the beta value is negative, the minor allele decreases the given
transcript's expression. The additive effect of genotype on transcripts' abundance
was considered significant when it resulted in FDR < 0.05. The eQTLs were
classified as cis-eQTLs for SNPs located until 1 Mb of genomic distance from the

regulated transcript.
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2.3.7 SNP functional annotation and gene enrichment analysis

The annotation of ASE SNPs, aseQTLs, and cis-eQTLs was conducted using
the SnpEff software (v4.5) [36], based on the ARS-UCD1.2 bovine reference
genome. ASE genes were functionally annotated in the ClueGo plugin for Cytoscape
(v3.9.1) [37]. We searched for enriched biological processes and KEGG metabolic
pathways based on the bovine annotation as background and tested the enrichment
significance with a right-sided hypergeometric test. Biological Processes and

metabolic pathways with FDR < 0.05 were considered significant.

2.3.8. Data integration

Our results were integrated with various datasets to explore the relevance of
our ASE-related variants (ASE SNPs, aseQTLs, and cis-eQTLS) in different aspects:
i) the consistency of our results and previous ASE and imprinting data; ii) the effect
of ASE genes in relevant livestock phenotypes, and iii) the regulatory potential of our
findings. Firstly, we compared all the ASE results found here with ASE SNPs and
ASE genes [7,14], aseQTLs [16], cis-eQTLs [20], and imprinted genes previously
described. The ASE data used in this integration were based on muscle from a
Limousin cattle population [7] and the same Nelore samples used here, but analyzed
previously using a lower density SNP data produced with the lllumina BovineHD
BeadChip (770 K) [14].

The aseQTL and cis-eQTL results from the same Nelore population were
retrieved from previously published papers [16,20]. The imprinted genes were
downloaded from the Genomic Imprinting database [38]. The ASE SNPs were also
overlapped with CNV regions reported previously in the same population [17] to
investigate if the allelic imbalance in these regions resulted from CNVs. Data
obtained in the UMD3_1 genome assembly had its original coordinates converted to
the ARS-UCD1.2 reference genome using UCSC LiftOver [39]. The second
integration approach was performed to relate ASE genes with relevant traits. The
identified ASE genes were compared with differentially expressed genes (DEGS)
from studies in the same Nelore population. The overlapped DEGs were related to
mineral concentration [40,41], carcass quality [42], beef tenderness [43], fatty acid,
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and intramuscular fat content [44,45] traits. In the last integration analysis, we
searched for regulatory evidence acting on ASE-related SNPs.

We integrated the genomic positions of ASE SNPs, aseQTLs, and cis-eQTLs
with bovine epigenetic data downloaded from the pilot project of the Functional
Annotation of Animal Genomes (FAANG) consortium [46]. We retrieved the ATAC-
seq and ChIP-seq data of the two available bovine muscle samples from the NCBI
database (Series accession code: GSE158430). The targets of ChIP-seq data
obtained by Kern et al. used for comparison were H3K4me3, H3K27me3, H3K27ac,
and H3K4mel histone modifications and the binding protein CTCF. We also
downloaded the cis-eQTL data of bovine muscle from the cattle GTEx database
(https://cgtex.roslin.ed.ac.uk/downloads/) and overlapped it with the genomic
position of our ASE SNPs, cis-eQTLs, and aseQTLs. The ASE genes were
overlapped with those putatively differentially affected by the H3K27me3 histone
modification in contrasting mineral sample groups [47] and genes with differentially
methylated regions and cytosines [48] obtained in the same Nelore population. We
evaluated the significance of the integration using permutation tests, comparing the
number of overlaps of ASE-related SNPs in each functional region to the respective
number of overlaps obtained from a random resampling of 1000 SNPs from the

original dataset, with the regioneR package [49].

2.4 Results

2.4.1. ASE and monoallelic expression are widespread in Nelore muscle

From the 190 samples studied here, there was an average of 95.72 %
(ranging from 87.85 % to 97.10 %) of uniquely mapped RNA-seq reads in the bovine
reference genome (ARS-UCD1.2). The WASP software filtering removed 6.9 million
duplicated reads or those presenting mapping bias on average. As ASE analyses
required heterozygous SNPs, this filtering reduced the original genotype file from
4,812,912 SNPs to 1,353,848 SNPs. To select SNPs with considerable expression
in our population, we required at least ten total counts of mapped reads for ASE
analysis. Thus, 40,969 SNPs were used to test the allelic expression imbalance,

covering 0.85 % of our original genotype data.
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Significant ASE was frequent in our tested dataset. From the 701,032 tests
performed, 427,333 (corresponding to 60.90 % of the tests) were significant (FDR <
0.05), comprising 38,177 unique ASE SNPs (Supplementary Table 1; Fig. 2.2A).
Considering all ASE SNPs, 37,128 were distributed in 7304 LD blocks. The highest
number of ASE SNPs were located in the BTA3 (Fig. 2.2B). The ASE SNPs identified
per chromosome were not significantly correlated with chromosome length.

Although the identification of 38,177 ASE SNPs is an expressive proportion
of all SNPs tested (93.00% of the 40,969 tested SNPs), ASE is analyzed per sample,
so multiple ASE SNPs were significant in a few animals. For example, 7671 ASE
SNPs were identified in only one sample (Fig. 2.3A). The average number of
significant animals for each ASE SNP was 11, ranging from one to 96 (Fig. 2.3A),
and all animals had at least one ASE SNP identified. Monoallelic expression was
widespread among the samples (Fig. 2.4B). window of 1 Mb. B) SNPs tested for
ASE, significant and non-significant distributed per chromosome.

On average, 10.55 samples were monoallelic for the ASE SNPs, ranging from
one to 96 animals. The major alleles were more expressed than the minor alleles in
approximately 90.31 % of the significant tests. The major allele frequency was
predominant in the population, with an average MAF of 0.79 (ranging from 0.42 to
0.99, Fig. 2.3C). A total of 37,943 (99.38 %) of the ASE SNPs showed monoallelic
expression in at least one sample, from which 37,227 SNPs expressed only the
major allele. On the other hand, 8513 SNPs were monoallelic and exclusively

expressed the minor allele.
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Figure 2.3 - ASE SNPs alleles' and samples’ frequency. A) Histogram of the number
of significant samples for the ASE SNPs. B) Histogram of the number of monoallelic
samples for the ASE SNPs. C) Major and minor allele frequency of ASE SNPs.

Source: Author’s

2.4.2 Annotation of ASE SNPs and genes predicted regulation of livestock-relevant
metabolic pathways

The ASE SNPs annotation by SnpEff software [36] revealed that the ASE
SNPs were classified predominantly as downstream gene variants (26.70 %),
followed by intron variants (22.70 %), synonymous variants (20.30 %), and 3'UTR
variants (10.40 %), corresponding to 80.10 % of all predicted SNP effects
(Supplementary Table 1; Fig. 2.4). Some ASE SNPs were predicted to result in high-
impact consequences, such as the SnpEff specification
(http://pcingola.github.io/SnpEff/se_inputoutput  /#effect-prediction-details). The
affected genes and the respective ASE SNPs effects were: MBNL1 (stop lost);
EMCN, SQSTMO0L1, and EIF3CL (splice donor); AGO4 and RRP7A (splice acceptor);
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and CSF1, ZNF266, SHPRH, PPM1B, ENSBTAGO00000049014, OR51D1,
ENSBTAG00000027426, CD46, ENSBTAG00000000560, XAF1, NRADD, PSMBS,
and ANKRD42 (stop gained).

The ASE SNPs are within 7448 genes (Supplementary Table 2),
corresponding to 52.38 % of all muscle-expressed genes of the bovine genome (N
=14,219). The average ASE SNPs per ASE gene was 5.12, ranging from one to 166
variants. The top five ASE genes with more ASE SNPs were MYOM2 (166 ASE
SNPs), MBP (133 ASE SNPs), SVIL (117 ASE SNPs), PDE4DIP (104 ASE SNPs),
and SNTB1 (102 ASE SNPs).

We considered putative monoallelically expressed genes the ones showing
all the significant samples expressing only one allele for all the identified ASE SNPs.
Thus, a total of 4354 ASE genes were classified here as potential monoallelically-
expressed genes in Nelore muscle (Supplementary Table 2). TIMP4 was the gene
with more monoallelic SNPs in the population, expressing only the major allele in 22
ASE SNPs and 69 samples. A similar scenario is observed for the other two genes
with more monoallelic expression, i.e., HNRNPU (31 monoallelic ASE SNPs in 75
samples) and DHX30 (21 monoallelic ASE SNPs in 78 samples). Analysis
concerning the gene ontology of the ASE genes identified 1742 enriched biological
processes (FDR < 0.05) (Supplementary Table 3). The KEGG pathway enrichment
retrieved 151 significant metabolic pathways (FDR < 0.05), including protein
processing in the endoplasmic reticulum, autophagy, endocytosis, focal adhesion,

MAPK signaling pathway, and proteasome (Supplementary Table 4).
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Figure 2.4 - Pie plot showing the annotation of ASE SNPs. Source: Author’s

2.4.3 aseQTLs were associated with the allelic imbalance of ASE SNPs

The aseQTL analysis searched for potential cis-regulatory SNPs associated
with the allelic imbalance observed in the ASE SNPs. Thus, we searched for
aseQTLs located in a window of 200 kb around ASE SNPs that have more than ten
heterozygous samples, encompassing 14,384 ASE SNPs. We performed 7,266,276
tests between these ASE SNPs and 1,286,188 SNPs to be tested as aseQTLs. In
total, 26,956 tests were significant, discovering 21,543 aseQTLs for 430 ASE SNPs
(FDR = 0.05) (Fig. 2.5A; Supplementary Table 5). A total of 21,448 aseQTLs were
distributed in 1174 LD blocks.

The average of aseQTLs found for each ASE SNP was 62.68, ranging from
one to 420. The ASE SNP associated with more aseQTLs was the
chrl6:43573041G>A, located in the NMNAT1 gene. Another ASE SNP within the
same gene (chrl6:43573035G>A) was associated with 414 aseQTLs, 413 in
common to the aseQTLs associated with chr16:43573041G>A, and located in five

LD blocks were the sum of SNPs from two blocks corresponded to 84 % of the
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overlapping aseQTLs. The second ASE SNP with more aseQTLs was the
chrl3:66887795A>G, within the TTI1 gene, with 417 associated aseQTLs. AseQTLs
can regulate more than one ASE SNP. The average number of ASE SNPs per
aseQTLs was 1.25, ranging from one to six. Forty aseQTLs located in the
chr3:106229134-106243323 window were associated with six ASE SNPs in the
same chromosome within NT5C1A and HEYL ASE genes. The majority of the
aseQTLs were located in intronic regions (50.4 %) (Supplementary Table 5), and the
following aseQTLs were found in high-impact regions: chr3:109965793T>C (splice
acceptor); chr3:14913466T>A (start lost), and chr14:441812G>A (stop gained). In
addition, we observed that 673 aseQTLs were also identified as ASE SNPs, i.e.,
chr3:109965793T>C (splice acceptor variant), located in the gene AGO4, associated
with the ASE SNP chr3:109879430T>C, from AGO1 gene.

2.4.4 ASE SNPs and aseQTLs can affect transcripts abundance

To search for ASE SNPs and aseQTLs with regulatory potential on variants
and transcripts of ASE genes. We found 3333 significant associations (FDR < 0.05),
where 3107 cis-eQTLs (i.e., 2098 ASE SNPs and 1075 aseQTLs, with 66 identified
as both ASE SNPs and aseQTLs) were associated with the expression of 758
transcripts. These transcripts correspond to 696 ASE genes, 9.34 % of all ASE
genes identified in this study (Supplementary Table 6). The cis-eQTLs were mainly
predicted as intron variants (47.15 %), and downstream gene variants (23.49 %),
being 141 cis-eQTLs predicted to cause missense variation, 15 cis-eQTLs located
in splice regions, six cis-eQTLs predicted to be related to a premature start codon
gain, three cis-eQTLs were stop gained variants, and one was annotated as a splice

donor variant.

Table 2.1 presents the annotation of cis-eQTLs, with the total number of cis-
eQTLs per effect and the respective classification as ASE SNPs or aseQTLs. For
2294 cis-eQTLs, the minor allele was predicted to upregulate the expression of the
associated transcript, and for 1039, the minor allele downregulates the transcript
expression. Cis-eQTLs with the larger absolute effects sizes were mainly classified
as ASE SNPs.



47

4 —
3 —
o~
Q
S
> 27
o
|
1 — {
g = [ | [ T T I T 1T T T 17T T T T1TTT T TTrTriImnml
1 2 3 456 8 9 11 13 15 17 20 23 26
Chromosome
B HSPA1A-201 - CiseQTL: 23_27522058 D CKMT2-201 - ciseQTL: 7_81274253 F TS50
1600 i —
4000 ~" I 750
! £ Ak ‘ i
3000 5 200 | |
4;" . i‘\ £ ",_‘ //’ 00 {;;\ y N
2000 { i i | A
J N | 800 | y .
1000 _aff Ly l 20 " e ¥
e s 400 | 4 o = s >
0 1 0 1 2 0 g
n=181 n=9 n=53 n=g4 n=43 n-L‘j76 14
C  ckmra201- cisear: 7_81264038 E CKMT2-201 - ciseQTL: 7_81259719 G

1600 1600
6000 |

1200 1200

0
n=176

Figure 2.5 - AseQTL results and cis-eQTL effects on selected transcripts. A)
Manhattan plot with aseQTL analysis results. The points correspond to the executed
tests, the x-axis corresponds to chromosomes and genomic position, and the y-axis
corresponds to FDR-adjusted p-values. Above the red line were the tests
corresponding to significant aseQTLs (FDR < 0.05). B—G) Violin plots representing
the transcripts abundance statistics according to the samples’ genotypes for
selected cis-eQTLs, being “0” the major homozygotes, “1” the heterozygotes, and
“2” the minor homozygotes. B) Violin plot comparing HSPA1A-201 abundance
according to chr23:27522058G>A genotypes. C) Violin plot comparing CKMT2-201
abundance according to chr7:81264038G>A genotypes. D) Violin plot comparing
CKMT2-201 abundance according to chr7:81274253T>C genotypes. E) Violin plot
comparing CKMT2-201 abundance according to chr7:81259719G>A genotypes. F)
Violin plot comparing TNNT3-205 abundance according to each of the 13
significantly associated cis-eQTLs*. G) Violin plot comparing TNNT3-206
abundance according to each of the 13 significantly associated cis-eQTLs* (the
same associated to TNNT3-205 abundance).*all cis-eQTLs have the same genotype
in the sample, producing the same graph and results.
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Table 2.1 - Predicted effects of cis-eQTLs found as ASE SNPs and aseQTLs.

Effect ASE SNP aseQTL Total
3'UTR 465 29 494
5" UTR premature start codon gain (start

gained) 3 1 4
5'UTR 30 4 34
Downstream 451 122 573
Intergenic region 1 224 225
Intron 330 478 808
Missense 113 8 121
Missense and splice region 2 0 2
Non-coding transcript exon 6 1 7
Splice donor and intron 1 0 1
Splice region 2 0 2
Splice region and intron 4 0 4
Splice region variant and synonymous 7 0 7
Stop gained 3 0 3
Synonymous 549 58 607
Upstream gene 131 200 331

Some cis-eQTLs were associated with more than one transcript. The
chr3:33707890A>G, chr3:33708844G>A, and chr3:33708874C>T cis-eQTLs were
associated with four transcripts of the GSTM1, located in the 3'UTR region of this
ASE gene. The chr7:14983829T>G, chr2:107492306C>G, chr26:23086765C>T,
and chr9:67736789A>G cis-eQTLs were associated with three transcripts each of
PDE4A, OBSL1, MFSD13A, and ARHGAP18 genes, respectively. A total of 209 cis-
eQTLs was associated with different transcripts pairs. The average number of cis-
eQTLs identified per transcript was 4.39, ranging from one to 421 cis-eQTLs. The
transcript NMNAT1-201 had more cis-eQTLs, all of them distributed in five LD
blocks. KLC1-201 had 184 cis-eQTLs in six LD blocks and UBE3B-202 with 116 cis-
eQTLs in 12 LD blocks. For these three transcripts, the cis-eQTLs were mainly
identified as aseQTLs. The chr23:27522058G>A cis-eQTL minor allele had the
higher positive effect size (8 = 862.80), associated with the transcript HSPA1A-201
(Fig. 2.5B), followed by TNNT3-205, CKMT2-201, RPLP0-201, and MSRB1- 201.
The CKMT2-201 abundance had cis-eQTLs with negative effects associated with
the minor allele. The minor allele of chr7:81264038G>A cis-eQTL showed
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association with a notable decrease of CKMT2-201 abundance (8 = - 204.56) (Fig.
2.5C). This same transcript was positively regulated by the minor allele of
chr7:81274253T>C cis-eQTL (B = 98.88) (Fig. 2.5D). Thirteen cis-eQTLs with the
same phased genotypes were negatively associated with CKMT2-201 transcript
levels (B =-69.63), as represented in Fig. 2.5E for the cis-eQTL chr7:81259719G>A.
Thirteen cis-eQTLs with identical genotypes located between
chr29:49576764-49594787 were associated with two different transcripts of the
TNNT3 gene, with its minor allele upregulating TNNT3-205 (8 = 111.44) and
downregulating TNNT3-206 (8 = - 823.08) (Fig. 2.5F and G, respectively). From
these 13 cis-eQTLs, five were within the same LD block, being intronic and
synonymous variants. The remaining were not located in any LD block. Fig. 2.6
shows the distribution of transcripts of the gene TNNT3. This reverse-strand gene
has cis-eQTLs classified as downstream gene variants before the 49.58 Mb position.
The two transcripts have similar exon positions, except for the 1st, 2nd, 3rd, and 5th
exons of TNNT3-206, absent in the TNNT3-205 transcript. The mentioned LD block
containing five cis-eQTLs is located near the 49.59 position, encompassing the 2nd
exon of the TNNT3-205 and between the 4th and 5th exons of the TNNT3-206.
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2.4.5. ASE data showed consistency with the literature

A previous study within the same Nelore population [14] identified 820 ASE
SNPs from lllumina BovineHD BeadChip (770 K), which overlapped with 479 ASE
SNPs identified in this study. The overlapping ASE SNPs corresponded to 58.4 %
of those identified by De Souza et al. [14] and represent 1.25 % of the ASE SNPs
identified here. ASE SNPs identified in the muscle of a Limousin (Bos taurus)
population [7] overlapped with 1020 of our ASE SNPs, including 75 reported by De
Souza et al. [14] as well. Eleven ASE SNPs were previously identified as aseQTLSs,
from the chip dataset [16]. Regarding the ASE genes, 482 overlaps were found with
data obtained by De Souza et al. [14], corresponding to 90.94 % of the ASE genes
identified in that study. Thus, with the use of the imputed dataset, we identified 6966
novel ASE genes in Nelore muscle compared to De Souza's previous work
Furthermore, 1699 ASE genes identified here were also identified by Guillocheau et
al. [7] in the muscle of Limousin cattle, corresponding to 80.17 % of their ASE genes.
As 229 ASE genes were found in common for these three studies of ASE in bovine
muscle (Supplementary Table 2), this work identified 5496 novel ASE genes which

were not found in the previous studies in Nelore and Limousin cattle.

Fig. 2.7 shows the number of overlaps between different studies about ASE
data obtained in bovine muscle. As allelic imbalance can result from genomic
imprinting, we compared the ASE genes with those predicted or experimentally
validated showing imprinting in various species. We identified 51 ASE genes
potentially affected by imprinting; seven confirmed in Bos taurus: SGCE, PEG10,
MEST, IGF2R, GNAS, NNAT, and TSSC4 (Supplementary Table 2). The IGF2R and
NNAT ASE genes showed 72.7 % and 68.6 % of significant samples showing
monoallelic expression, respectively. The other five bovine imprinted genes
overlapping our ASE genes showed monoallelic expression for all the corresponding
ASE SNPs. Conversely, from the 4354 monoallelic genes in our study, 4303 were
not in the Gene Imprint database [38]. We also integrated ASE genes and
differentially expressed genes (the DEGs data) to evaluate their biological relevance

for important livestock traits.
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Figure 2.7 - Venn diagram representing the integration of ASE genes studied in
bovine muscle. Source: Author’s.

We found 1823 (1450 unique) ASE genes integrating with DEGs previously
identified in the muscle of the same Nelore population and related to 26 traits across
eight studies (Supplementary Table 2). Of these, 1158 ASE genes overlapped with
DEGs between contrasting samples for four fatty acid content traits: CLA-c9t11,
oleic, eicosapentaenoic, and palmitic acids [44]; 399 for Fe [41], Cu, Mn, P, Na, Se,
Ca, Mg, K, Zn and S [40] minerals' concentration; 93 ASE genes integrated with
DEGs for three feed efficiency traits: residual feed intake, average daily gain and dry
matter intake [44]; 79 were common to DEGs for ribeye area (REA) and backfat
thickness (BFT) traits [42]; 45 ASE genes were identified as DEGs for intramuscular
fat (IMF), and seven for tenderness measured 14 days after slaughter (WBSF14)
[43]. In addition, 2043 ASE SNPs were located within CNV regions identified in the
same population in previous work, [17], corresponding to 5.35 % of all ASE SNPs
(Supplementary Table 1). The CNV data used for this comparison was predicted
using the UMD 3.1 bovine genome assembly [17], thus, the genomic coordinates

were converted with LiftOver to the ARS-UCD1.2 version. As this process may have
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some error rates, we choose not to discard the ASE SNPs within these regions. The
overlapping between the CNV regions and the ASE SNPs is shown in
Supplementary Table 1.

2.4.6 Integration with functional data

The effect of the ASE-related variants on ASE or total gene expression can
result from epigenetic regulation. Studies exploring potential regulatory mechanisms
affecting the gene expression in the same population have been conducted
[16,47,50]. By integrating the aseQTLs found here using the imputation dataset and
our previous aseQTL data obtained from the Illumina BovineHD BeadChip [16], we
found eight overlaps, being these aseQTLs associated with the allelic imbalance of
six ASE SNPs (Supplementary Table 5).

De Souza et al. [48] used reduced representation bisulfite sequencing
(RRBS) to determine the differential methylation cytosines (DMCs) and regions
(DMRs) between two groups contrasting for the tenderness phenotype, with six
muscle samples each. We identified 33 ASE genes containing DMCs and DMRs,
indicating that the ASE genes can be regulated by DNA methylation and probably
underlie beef tenderness. In contrasting muscle samples for mineral content
phenotypes, Afonso et al. (personal communication) reported a list of genes
predicted to be regulatory for these phenotypes using a methodology based on the
predicted influence of the H3K27me3 over them.

Comparing the list of genes potentially regulating muscle mineral
concentration, we found 396 overlaps, affecting 116 genes and the Cu, Mg, S, Zn,
K, P, Na, Fe, Se, and Ca content (Supplementary Table 2). Considering the ASE
genes integrating differential methylation data, the percentage of monoallelic
samples per gene ranged from 78.4 % to 100 %, with 23 genes with 100 % of
significant samples showing monoallelic expression (Supplementary Table 2). The
ASE genes overlapping the putative H3K27me3 data showed a monoallelic
expression percentage ranging from 50% to 100%, from which 68 genes had
monoallelic expression in all significant samples. We found evidence of regulatory

variants co-located with our ASE-related variants (ASE SNPs, cis-eQTLs, and
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aseQTLs). Regarding the comparisons with cis-eQTLs of bovine muscle from the
cGTEXx database, we found 11,493 ASE SNPs, 5559 aseQTLs, and 1045 of our cis-
eQTLs co-located with the same genomic location of these published cis-eQTLs
(Supplementary Tables 1, 5 and 6, respectively).

Our findings were also compared to epigenetics data from a pilot project from
the FAANG consortium [46]. The number and proportion of SNPs overlapping
accessible chromatin regions or ChiP-seq data are presented in Table 2.2. We
evaluated the significance of this integration to each set of epigenetic data using a
permutation test using a resampling approach with 1000 randomizations. The
overlaps between our data and these datasets were more frequent than by chance,
with a permutation p-value of 0.001, and the following Z-scores: 72.856 (ATAC-seq),
33.422 (CTCF), 53.423 (H3K4mel), 61.883 (H3K4me3), 89.573 (H3K27ac) and
38.742 (H3K27me3). The permutation with the lowest and the highest Z-scores are
shown in Fig. 2.8A and 2.8B, respectively. We selected the more promising
regulatory aseQTLs based on the predicted effect, filtering out SNPs located in low
effect regions and those not overlapping epigenetics marks in Table 2.3. Table 2.4
shows the cis-eQTLs with the larger effect size (slope coefficient) that overlapped
with the epigenetic data. All integration results are presented in Supplementary
Tables 1, 5, and 6, for ASE SNPs, aseQTLs, and cis-eQTLSs, respectively.

Table 2.2 - Number of ASE-related SNPs overlapping functional regions from

Functional Annotation of ANimal Genomes (FAANG) consortium.

ASE-
related ACR  CTCF H3K27ac H3K27me3 ok4me  H3Kame
1 3
SNP
4714 1021 2899 995 797 1250
ASESNPS o0y (2.6%) (7.6%)  (2.6%) (2%) (3.2%)
aseQTLs 1508 359 825 433 254 330
(6.9%)  (1.6%) (3.8%) (%) (11%)  (L5%)
356 226 112 93 118

cis-eQTLs (10.6% 87 (2.6%)

) (6.7%) (3.3%) (2.7%) (3.5%)
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Table 2.3 - aseQTLs with moderate and high predicted effects that overlapped

epigenetics data from Annotation of ANimal Genomes (FAANG) consortium.

Associated ATAC
aseQTL Effect ASE SNPs  -Seq Target_ChlPseq
chrl5:4
. . chr15:4505
5210990 missense_variant 2156G>A ACR CTCF, H3K27ac
chrl5:4
. . chr15:4505
5213992 missense_variant 2156G>A ACR CTCF, H3K27ac
chrl5:4
. . chr15:4505
5220010 missense_variant 2156G>A ACR CTCF, H3K27ac
chr23:2 . .
840791 5_pr|me_UTR_p_rematgre_s chr23:2840 ACR CTCF, H3K27ac,
0 tart_codon_gain_variant 2954G>C H3K4mel, H3K4me3
chr21:6
. . chr21:6829
8302889 missense_variant 8154A5G NA H3K27ac
chr3:16  splice_region_variant&syno chr3:16332
468730 nymous_variant 848A>G ACR H3K27ac
chr3:16  splice_region_variant&syno chr3:16446
468730 nymous_variant 714a>c ACR H3K27ac
chr3:16  splice_region_variant&syno chr3:16344
468730 nymous_variant 888C>T ACR H3K27ac
chr3:16  splice_region_variant&syno chr3:16497
468730 nymous_variant 319C>T ACR H3K27ac
gf;r72721:é splice_region_variant&intro  chr22:1792 NA H3K27ac, H3K27me3,
4 n_variant 6204G>A H3K4mel, H3K4me3
chrl3:4
. . chrl13:4648
6430408 missense_variant 0257T>C ACR1 H3K27ac, H3K4me3
chrl3:4
. . chr13:4648
6433408 missense_variant 0257T>C ACR H3K27ac, H3K4me3
chrl4:4 . chr14:3138
41812 stop_gained 54C>G ACR H3K27ac, H3K4me3
chrl3:5 . . . .
splice_region_variant&intro  chr13:5199
1982528 n_variant 4006C>T ACR NA
;:.%1872:2 5 prime_UTR_premature_s chrl7:5196 ACR NA
7 tart_codon_gain_variant 6674G>T
chrl7:5 . . . .
splice_region_variant&intro  chrl7:5578
572612 n_variant 3791G>T ACR NA

1
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chrl7:5 . : . .

splice_region_variant&intro  chrl7:5578
5721612 n_variant 3782C>T ACR NA
chrl9:5 : . , :

splice_region_variant&intro  cht19:5519
53442 67 n_variant 4508T>C ACR NA
chr3:49  splice_region_variant&intro  chr3:49612
790464 n_variant 851A>G ACR NA
chr5:11

. : chr5:11650

6601391 missense_variant 8632A>G ACR NA
chr7:57 5 prime_UTR_premature_s chr7:58682 ACR NA
26429 tart_codon_gain_variant 327>C
chr8:84  splice_region_variant&intro  chr8:84622
596628 n_variant 947G>A ACR NA

Table 2.4 - cis-eQTLs with effect sizes higher than |20| overlapping epigenetics data

from Annotation of ANimal Genomes consortium.

cis-eQTL SNP_type Beta Transcript A;-eAqC' ChIP-seq
15 17267662 ASE SNP  -311,1428661 SLN-201 ACR NA
17_56161474,
17_56162192,
17_56162417, HSPBS-
17_56162443, ASE SNP  -114,2005503 201 ACR H3K27ac
17_56162457,
17_56167643,
17_56168683
H3K27ac,
ZFP36- H3K27me3,
18 49102944 ASE SNP 28,55763824 201 ACR H3K4mel,
H3K4me3
H3K27ac,
ZFP36- H3K27me3,
18 49103134 ASE SNP 28,55763824 201 NA H3K4mel,
H3K4me3
H3K27ac,
ACTG1- H3K27me3,
19 51260226 ASE SNP 28,93826906 201 ACR H3K4mel,

H3K4me3
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2 107407598 ASE SNP  66,1226443 SPEG-201 ACR  NA
CTCF,
RPL20- H3K27ac,
22 48945156 ASE SNP  -39,5816066 ACR  H3K27me3,
201
H3K4me1l,
H3K4me3
H3K27ac,
HSPA1A- H3K27me3,
23 27522058 ASESNP 8628080538 b ACR  |iskames
H3K4me3
251500564, — CTCF,
25_1500749, ASESNP  67,80534341 D> ACR  H3K27me3,
25_1500883 H3K4me3
PPP1R3C- H3K27ac,
26_ 13209693 ASESNP 3578627411 o'; AcR  h3eerec,
29 49580452, TNNT3-
50 49880473 ASESNP 11104468683 ACR  NA
29 49580452, ) TNNT3-
70 49880473 ASE SNP  -823,0812458 || ACR  NA
29 49594787 ASE SNP  111,4468683 EONSNT‘Q" ACR  NA
29 49594787 ASE SNP  -823,0812458 ;g'é\m' ACR  NA
316768178,
3 16768207, ASE SNP  22,36054315 g’éfOA“' NA H3K27ac
316768337
CTCF,
5 103581376 ASE SNP  57,93593094 TPI1-201  NA
H3K27ac
525510849 ASE SNP  -44,18357512 ggzp IRIA NA HBK27ac
5 25515097 ASE SNP  -46,64203616 ;g’zp IRIA- AcrR  cTCE
H3K27ac,
5 57163724 ASE SNP  29,89763368 MYL6-202 NA H3K27mes,
- H3K4mel,
H3K4me3
7 43816056 ASE SNP  28,44291619 Q&UFS% ACR  NA
7 81,259,719 ASE SNP  -69,63008916 CKMT2-  AcrR  NA

201
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Figure 2.8 - Permutation tests plots. The black vertical line represents the average
number of overlaps from randomized regions. The red vertical line represents the
significance threshold and the green vertical line represents the number of overlaps
observed with our data. A) Permutation test with CTCF regions. B) Permutation test

with H3K27ac regions. Source: Author’s.
2.5 Discussion

In this study we aimed to improve the ASE SNP discovery in bovine muscle
samples using imputed genotype data. We identified a total of 38,177 ASE SNPs,
96.27% of these being novels. In addition, we were able to identify 21,543 aseQTL
and 7448 ASE genes, many of them for the first time associated with ASE. Here, we
improved the accuracy of the results without losing too much discovery power by
using the WASP pipeline to filter out reads containing mapping bias [10,23] due to
the inflated presence of the major allele [10,33]. This filtering, together with the
requirement of 10 counts and the need for heterozygous SNPs for ASE analysis,
resulted in 40,969 variants eligible to be tested. Despite this number being a small

part of all imputed genotypes (0.85 %), it was considerably larger than the previous
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study in the same population, in which De Souza et al. [14] tested 1085 SNPs from
the lllumina BovineHD chip and identified 820 ASE SNPs. From these, 479 SNPs
overlapped with the present study from imputation data. The remaining 341 ASE
SNPs identified by De Souza et al. [14], corresponding to 41.6 % of their ASE SNPs,
were not tested in any animal in the current study because, as we used a different
method, they were filtered out by the WASP algorithm (see Methods section).

Almost all ASE SNPs identified here showed monoallelic expression in at
least one sample. Previous studies in Nelore and Holstein reported 23 % and 4.3 %
of monoallelic ASE SNPs, respectively. The lower rate observed in Holstein can be
related to the sample size of the study, which focused on the ASE comparison
between different tissues of a single cow [5]. The discovery of ASE genes
overlapping imprinted genes in mammals, together with the monoallelic expression
of these genes and the epigenetic data integration, evidenced the potential of our
results helping investigate new imprinted genes in bovine.

The integration of our results with known ASE genes in bovine muscle [7,14]
indicated conservation of the ASE pattern in cattle. Using a more extensive dataset,
we presented 5496 novel ASE regions which were not identified in these previous
studies, increasing the discovery depth of ASE regions in bovine muscle. We
showed consistency with literature, encompassing large proportions of the
previously identified ASE genes from the same population with less genotype density
[14] and of the reported for Limousin cattle [7].

ASE genes presented interesting evidence of being related to metabolic
pathways essential for muscle homeostasis such as mitogen-activated protein
kinases (MAPKs). MAPKs regulate skeletal muscle development [51] and
transcription in response to stress in muscle [52], which in turn can trigger autophagy
[53], a lysosome-mediated degradative process involved with meat maturation [54].
Focal adhesion is a pathway involved in multiple muscle processes, improving
muscle cells growth by inactivating anti-apoptotic pathways [55]. TNF pathway is
involved with apoptosis and meat tenderness [56]. In addition, proteolysis mediated
by the proteasome is a known mechanism involved in muscle wasting and meat
tenderness [56-58].
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Some ASE genes showed a great biological relevance in regulation and meat-
related traits. The MYOM2 (Myomesin 2) showed a higher number of ASE SNPs (N
= 166). This gene was reported as an ASE gene by Guillocheau et al. and as
putatively differentially affected by H3K27me3 [47]. The MYOM2 gene encodes an
isoform of MYOM, which is a protein that links the thick filaments in the middle of the
sarcomere [59]. MYOM2 was identified in Nelore muscle showing differential
alternative splicing between extreme groups of ribeye area [60], also being its protein
more abundant in the bovine muscle of lower adiposity group [61], evidencing the
importance of this gene on the muscularity of beef cattle. The MEST (mesoderm
specific transcript) and GNAS (GNAS complex locus) ASE genes figure among the
imprinted genes in bovine [38]. Both genes were differentially methylated concerning
the tenderness phenotype and GNAS was potentially differentially regulated by
H3K27me3 between contrasting groups of Fe content [47]. The MEST ASE gene
has been related to adipocyte differentiation and hypertrophy [62,63]. Moreover, the
maternal imprinting of this gene is also known [64]. Here, MEST showed monoallelic
expression in all significant samples for its unique ASE SNP. GNAS ASE gene also
presented all the samples with monoallelic expression. This gene was previously
identified as differentially expressed between contrasting samples for CLA-c9t11
[44], and associated with growth and carcass traits in pigs [65]. Parent-specific
methylation and H3K27me3 modification are known mechanisms regulating
genomic imprinting [66,67]. IGF2R (insulin-like growth factor 2 receptor) regulates
the levels of IGF2, a peptide that functions as an embryonic growth factor. This ASE
gene modulates muscle growth [68] and was previously identified as downregulated
in the low group for CLA-c9t11 [44] and the low group for REA in our Nelore
population [42], highlighting its relationship with muscle development. In addition, it
was regulated by H3K27me3 histone modification [47] and differentially methylated
for tenderness phenotype in our population [50]. This gene is within various enriched
metabolic pathways, such as growth hormone synthesis, secretion and action, and
thermogenesis.

Many genes affected by cis-eQTLs showed relevance for muscle

homeostasis. For example, the TNNT3 (Troponin 3) ASE gene encodes an isoform
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of the troponin proteins family expressed in fast skeletal muscle, being related to
muscle contraction [69] and negatively associated with tenderness in pig's [70]. We
found two transcripts of TNNT3 being regulated by the same cis-eQTLs in an
opposite manner. The exon absent in TNNT3-205 has SNPs annotated as splice
acceptors, splice donors, splice regions, and missense variations. The last SNP of
the LD block is located at 49.594 Mb, considerably close to the exon containing the
start lost and stop gained regions, within the same LD block. Thus, the cis-eQTLs of
this LD block are probably in LD with SNPs with high impact be observed for TNNT3-
205 perhaps because of the absence of some exons containing the start lost/stop
gain regions that are present in the TNNT3-206 transcript. Thus, our results suggest
this region is probably under the effect of multiple regulatory mechanisms splice-
variant dependent. We also found various cis-eQTLs regulating transcripts of the
CKMT2 gene. This gene encodes a sarcomeric mitochondrial creatine kinase
responsible for energy metabolism and is involved in muscle contraction [71]. A
previous study found an upregulation of this gene in pigs with better meat quality
characteristics [71]. The HSPA1A-201 transcript of the HSPA1A (Heat Shock Protein
Family A (Hsp70) Member 1A) was associated with the cis-eQTL with the larger
effect size. HSPA1A encodes to the Hsp70 protein, a biomarker of heat stress in
animals [72]. This protein is upregulated under heat stress conditions [73], protecting
cells from oxidative damage and apoptosis [72]. Chronic and acute heat stress can
affect meat quality traits [74]. Previous studies in Nelore muscle showed that Hsp70
was downregulated in tender muscle samples [75] and HSPA1A SNPs were
associated with ribeye area, water holding capacity, and cooking loss [19]. Intense
regulatory and transcription activity mediated by motifs for TF binding is observed
within accessible chromatin regions, in which chromatin structure is controlled by
histones modifications resulting from acetylation and methylation events [11].
Exploring the regulatory potential of the ASE-related variants, we found
considerable overlap with functional regions obtained experimentally from bovine
muscle [46], mostly for ASE SNPs. This evidence is conflicting with the concept of
ASE regions being only markers of allelic imbalance useful for discovering cis-

regulatory variants (cis-eQTLs and aseQTLs). Still, it is reinforced by the
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identification of 2098 ASE SNPs being identified as cis-eQTLs of the corresponding
transcripts and the larger effect sizes observed for cis-eQTLs identified as ASE
SNPs.

The integration with cGTEXx data was consistent with these results. Our cis-
eQTLs overlapped with >33% of cis-eQTLs obtained from the cGTEx data. In
addition, 30% of our ASE SNPs and 25% of our aseQTLs overlapped these
published cis-eQTLs. Disregarding divergences in methodology and statistical
power inherent in the analysis in each of these studies, SNPs resulting from our
study that did not overlap cis-eQTLs [76] or ASE SNPs [7] previously obtained in
Bos taurus muscle may be specific to the Nelore breed, once there are genomic
regions exclusive to indicine or taurine sub-species, as reported by Koufariotis et al.
[77].

Additionally, the ASE can reflect allele-specific CTCF binding [78] or histone
modifications [79]. In mammals, conserved histone modifications are less stable and
less frequent in intergenic regions [80]. Only 0.6 % of the identified ASE SNPs were
located in intergenic regions, contrasting with the proportion of 25 % of the aseQTLSs.
ASE SNPs in conserved histone modification regions could be a possible
explanation for the ASE SNPs presenting more epigenetic regulation than the
aseQTLs. More studies in larger sample sizes must be performed to explore the
regulatory effect of ASE SNPs. Still, the potential regulatory effect of cis-eQTLs and
aseQTLs is relevant.

A commonly accepted mechanism that may explain the allelic imbalance is
the allele-specific binding of TFs within cis-regulatory regions [4,78]. We found 1075
aseQTLs identified as cis-eQTLs, which increase the confidence of these SNPs
having a cis-regulatory potential [12]. aseQTLs seemingly have small effects
individually but may act cumulatively throughout the transcript [10] or be found in
large LD blocks, as observed by multiple aseQTLs affecting the same ASE gene, as
for NMNAT1, the gene with more associated aseQTLs and cis-eQTLs. We found
2.043 ASE SNPs overlapping CNV regions [17], corresponding to 5.35 % of all ASE
SNPs. Assuming the role of CNVs, any potential evidence of ASE SNPs in these

regions warrants further investigation. For these cases, the allelic imbalance marked
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by ASE SNPs may not be a result of a cis-regulatory mechanism alone but may also
result from structural variation in their chromosomic region, but for the remaining
94.65 % the ASE pattern is likely due to transcriptional regulation.

The considerable overlap of ASE-related SNPs and epigenetic data from
FAANG [46] drafts potential mechanisms acting in transcript regulation, as the cis-
regulation of enhancers activation mediated by CTCFs [81], recruited through
permissive chromatin states. However, within-population in vitro experiments would

be necessary for more reliable interpretations.

2.6 Conclusion

This study identified a large ASE dataset in cattle, consistent with the
previously published data in bovine muscle, and presented a considerable number
of novel ASE regions and potentially regulatory variants (aseQTLs and cis-eQTLS).
We show evidence that the identified ASE genes may be involved with metabolic
pathways related to relevant livestock traits. The putative regulatory variants
presented here may be affected by epigenetic regulation and influence muscle-

related bovine phenotypes.
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3 PHENOTYPE-DEPENDENT ALLELE-SPECIFIC EXPRESSION
This section contains transcriptions from the paper “Differential Allele-Specific

Expression Revealed Functional Variants and Candidate Genes Related to Meat
Quality Traits in B. indicus Muscle”, published in the Journal Genes on December
11th, 2022. The following results are based on differentially allele-specific expressed
SNPs (DASE SNPs), for which the allelic imbalance diverged between samples from
contrasting groups of meat-related traits, showing a potential relevance of ASE

SNPs on phenotypic variation. The manuscript header is shown on Figure 3.1.
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3.1 Abstract

Traditional transcriptomics approaches have been used to identify candidate genes
affecting economically important livestock traits. Regulatory variants affecting these
traits, however, remain under covered. Genomic regions showing allele-specific
expression (ASE) are under the effect of cis-regulatory variants, being useful for
improving the accuracy of genomic selection models. Taking advantage of the better
of these two methods, we investigated single nucleotide polymorphisms (SNPs) in
regions showing differential ASE (DASE SNPs) between contrasting groups for beef
quality traits. For these analyses, we used RNA sequencing data, imputed
genotypes and genomic estimated breeding values of muscle-related traits from 190
Nelore (Bos indicus) steers. We selected 40 contrasting unrelated samples for the
analysis (N = 20 animals per contrasting group) and used a beta-binomial model to
identify ASE SNPs in only one group (i.e., DASE SNPs). We found 1479 DASE SNPs
(FDR = 0.05) associated with 55 beef-quality traits. Most DASE genes were involved
with tenderness and muscle homeostasis, presenting a co-expression module
enriched for the protein ubiquitination process. The results overlapped with
epigenetics and phenotype-associated data, suggesting that DASE SNPs are
potentially linked to cis-regulatory variants affecting simultaneously the transcription

and phenotype through chromatin state modulation.

Keywords: phenotype; beef; cis-regulation; ASE
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3.2 Introduction

Allele-specific expression (ASE) analysis is a helpful approach to searching
for cis-regulatory variants [1,2]. ASE consists of the imbalanced ratio between
reference and alternative alleles’ counts in a heterozygous locus, being a common
pattern in mammals [3-5]. As ASE is determined per individual, it reduces the effect
of technical factors found in total expression studies [1,6]. Thus, from the knowledge
of the transcribed or repressed alleles it is possible to infer cis-regulatory variants
related to this expression pattern [1], allowing increased accuracy in predictive
models and improving functional variants discovery [7].

As our research group [8,9] and others reported, ASE is widespread in bovine
[4,6,8, 10,11]. Previously, we described a high coverage list of single nucleotide
polymorphisms (SNPs) located in transcripts with ASE (ASE SNPs) distributed in
Nelore (Bos indicus) muscle and the candidate cis-regulatory variants potentially
affecting the allelic expression. Additionally, we have shown evidence that the ASE
SNPs can regulate transcription, as they are located in functional regions [9]. ASE
analysis benefits the search for functional variants affecting important economic
traits, since genes containing ASE SNPs (ASE genes) may play a role in muscle
maintenance and are related to meat quality traits [8,10].

A traditional transcriptomics analysis compares the total gene expression
between phenotypically contrasting animals [12], resulting in differentially expressed
genes (DEGSs). Other techniques are needed to investigate variants associated with
the DEGs expression (expression quantitative trait loci - eQTLs, for example) and
associated with the phenotype (quantitative trait loci - QTLS). Thus, these data layers
need to be integrated to draft more consistent potential mechanisms. Facing the
benefits of conducting differential expression and ASE analyses, a differential allele-
specific expression (DASE) approach can identify regions where the ASE level
differs between extreme samples for a given trait.

The DASE regions are likely affected by cis-regulatory variants affecting the
expression pattern because of the observed ASE. In addition, the same cis-
regulatory variants may be related to the phenotype of interest due to allelic

imbalance being trait-dependent. Thus, this approach can reduce analytic steps and
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avoid false positives compared to integrating results from multiple consecutive
analyses. There are only a few studies with global DASE analysis, probably due to
the requirement of high density genotypic, transcriptomic and phenotypic data from
the same sample. Genome-wide DASE regions were related to breast cancer
phenotypes [7,13], but no study could be found in livestock so far.

In this study, we searched for DASE SNPs related to 55 meat quality, carcass
quality, mineral content, and fatty acid composition traits in the muscle of a Nelore
population. We conducted gene enrichment and co-expression analyses to
investigate functional interactions between DASE genes. We integrated the DASE
SNPs with results obtained previously in the same population, such as cis-eQTLs
(i.,e., SNPs associated with the transcript abundance) and aseQTLs (i.e., SNPs
associated with the allelic imbalance). These variants may affect the traits by the
cumulative regulatory effect in co-expressed genes related to these muscle-related

traits.

3.3 Methods

3.3.1 Animal Production and Sample Collection

The experimental population used in this study was part of a large project with
all experimental approaches approved by the Institutional Animal Care and Use
Committee Guidelines of Embrapa Pecuaria Sudeste ethics committee (Sao Carlos,
Sao Paulo, Brazil. Protocol CEUA 01/2013). Details regarding the animal’s
production can be found in previous studies [14—16]. For the animal production, 34
sires were selected to have the lesser kinship and to represent the main lineages of
Nelore cattle in Brazil. Semen samples of these animals were stored at -80°C for
later analysis. Artificial inseminations were performed in purebred Nelore dams,
avoiding the same parental pair [15], generating a 386 Nelore steers population [16].
The animals were raised under the same feeding and management as detailed
described previously [15]. The animals were slaughtered once they reached 5 mm
of backfat thickness (BFT), measured by ultrasound. Blood samples were collected
in vacuum tubes containing potassium EDTA (K3) and muscle samples were

immediately collected between the 11th and 13th ribs of the Longissimus thoracis
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muscle [14-16]. Here, we used the data of 190 steers from this experimental
population for which phenotype, genotype, and RNA-Seq data were available, being
the same samples used in previous studies of our group [8,9], to ensure

comparability.
3.3.2 Phenotype Measurements

Phenotypes’ description and genomic estimated breeding values (GEBVs)
summary are described in Table S2. Tenderness, Backfat Thickness (BFT), and
Ribeye Area (REA) traits were collected as described previously [15] Briefly,
tenderness phenotypes were measured based on the shear force obtained from the
Warner-Bratzler equipment at 24 h (WBSFO0), seven days (WBSF7), and 14 days
after slaughter (WBSF14) [15]. The phenotypes for mineral content (Ar, Ca, Cr, Co,
Cu, Fe, Mg, Mn, P, K, Se, Na, S, and Zn) were obtained from 100 mg lyophilized
muscle sample, being measured by a Vista Pro-CCD ICP-OES spectrometer with a
radial view (Varian, Mulgrave, Australia) [17]. GEBVs for these phenotypes were

calculated in GenSel software (https://github.com/austin-putz/GenSel, accessed on

10 April 2020), using birth, feedlot locations, and breeding seasons as fixed effects,
and age at slaughter was included as a covariate in the statistical model [15,17].

The intramuscular fat (IMF) and fatty acid composition traits (described in
Table S2) were previously reported elsewhere [16]. The measures were conducted
in the Animal Nutrition and Growth Laboratory at ESALQ, Piracicaba, Sado Paulo,
Brazil. IMF was obtained using an Ankom XT20 Fat Analyzer, following the
recommended methods. Fatty acid content was extracted from 4 g of muscle
samples and the profile identification was performed using gas chromatography by
comparing the retention time of the obtained methyl esters with reference standards.
Detailed methods are described previously [16], which also presented the model for
the GEBV estimation for these traits.

The selection of animals to compose contrasting sample groups was similar
to the criteria adopted in the previously reported differential expression data [18—22].
The animals were ordered and grouped according to the GEBV values for each trait,
being the group with higher GEBV values classified as High and the one with minor

values classified as Low. The animals were chosen to avoid steers descending from
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the same sires being allocated to the same contrasting group. A Student’s T-test
was applied for all mentioned traits (p-value < 0.05) to determine whether the
phenotypes differed between the two groups. To observe the relationship between
phenotypes in our dataset, we computed the Pearson correlation between GEBVs

values from the subpopulation of 190 animals in a correlogram.

3.3.3 DNA Extraction, Genotyping and Whole Genome Sequencing

DNA was extracted from frozen semen samples of the sires using the phenol-
chloroform method. Extracted DNA from 26 sires was used for whole-genome
sequencing, performed in an equipment lllumina HiSeq 2500 System (lllumina Inc.,
San Diego, CA, USA), with 8-21X coverage, in the Functional Genomic Center—
ESALQ (Piracicaba, SP, Brazil). Data management was executed as suggested by
the 1000 Bulls Genomes Project (http://www.1000bullgenomes.com/, accessed on
1 July 2020), as previously described [23].

Concerning the progeny, DNA was extracted from blood samples using the
salting out method, as described previously [14]. For sires and steers samples, the
DNA concentration was quantified in NanoDrop®, purity was analyzed by comparing
the optic absorbance ratio 260/280, and the material integrity was observed by
electrophoresis in agarose gel. Genotyping was conducted in lllumina BovineHD
BeadChip (Illumina Inc, San Diego, CA, USA) with the extracted DNA from sires and
steers, as detailed described elsewhere [24].

Variant imputation was executed with the high-density genotypes together
with the 26 sires’ whole-genome sequencing data, which methods were described
elsewhere [23]. Concisely, the imputation accuracy was analyzed using a leave-one-
out method, where the sequenced genotypes were used as a reference to observe
consistent imputation results. Quality control was conducted with PLINK software
[25], maintaining autosomal SNPs with minor allele frequency higher than 0.01,
which showed an imputation error rate of less than 2% [23]. The final genotype file

contained nearly 4.8 million SNPs.
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3.3.4 RNA Extraction and Sequencing

RNA from 100 mg of 190 muscle samples from steers was extracted for
transcriptomics analysis using TRIzol® (Life Technologies, Carlsbad, CA, USA),
according to the manufacturer’s instructions. RNA libraries were prepared with the
TruSeq RNA Sample Preparation Kit (lllumina, San Diego, CA, USA) with the default
protocol. Clustering and paired-end sequencing were executed in an lllumina HiSeq
2500® (lllumina, San Diego, CA, USA) equipment. The quality control removed
sequencing adapters and low complexity reads with the software SeqyClean v1.4.13
[26]. The RNA sequencing was made in the Functional Genomic Center—ESALQ
(Piracicaba, SP, Brazil), being detailed in a previous manuscript [27].

The sequences were mapped to the bovine reference genome (ARS-UCD1.2,
Ensembl 100) using the STAR software [28] with default settings. The WASP
pipeline [29] was applied to remove reads presenting mapping bias, which commonly
inflates the reference allele counts [30]. Counts of reads overlapping gene regions
were obtained using the Htseq-count tool [31], and allele-specific counts were

obtained from heterozygous variants with GATK ASE Read Counter [32].

3.3.5 Analysis of Differential Allele-Specific Expression (DASE) between
Contrasting Groups for Meat Quality Phenotypes

The DASE analysis was conducted to evaluate the relationship between the
allelic expression imbalance level and the phenotype by comparing allelic ratios
between contrasting groups. In this approach, tests were performed per phenotype
for all SNPs within their respective genes aiming to compare results with those from
differential expression analysis, co-expression, and gene functions. We used the
DESeg2 R-package [33], including each sample twice in the matrix of counts (for

reference and alternate alleles expression), being the design formula defined as:
design = ~phenotype + phenotype:sample + phenotype:count

where: ~phenotype corresponds to the variation between High and Low
groups for the meat quality traits; phenotype:sample calculates the phenotypic
variation of the animals within each group; and phenotype:count estimates the

count’s difference between reference and alternate alleles for the two contrasting
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groups. Unlike the traditional differential expression analysis, size factor
normalization is unnecessary in this approach because the sample is included in the
design formula. The code and model details can be found on the tutorial page,
described by the DESeq2 developer (http://rstudio-pubs-
static.s3.amazonaws.com/275642:e9d578fe1f7a404aad0553f52236c0a4.html,

accessed on 12 September 2022). In this analysis, each test results in three p-
values. One determines the significance of the difference between allele counts
within the High group, other for the Low group, and the last p-value corresponds to
the ASE significance between the two contrasting groups, which is adjusted for the
False Discovery Rate (FDR) implemented by the Benjamini-Hochberg method. The
script also returns Log2FoldChange (FC) values, indicating which contrasting group
showed allelic imbalance. The negative FC values indicate that the allelic imbalance
was larger in the Low group compared to the High group. The positive ones
correspond to variants in which the ASE was downregulated in the Low group
compared to the High group. This analysis resulted in DASE SNPs, which
corresponded to the SNPs marking the significant DASE within a gene, which were
named DASE genes. We considered as significant the DASE SNPs corrected per

phenotype and per gene with FDR < 0.05.

3.3.6 Functional Annotation and Gene Enrichment Analyses

The DASE SNPs were annotated using SNPEff software [34] against B.
taurus genome coordinates. Gene ontology (GO) terms related to biological
processes and molecular functions involving DASE genes were obtained from
BiomaRT (Ensemble release 104). The enriched KEGG metabolic pathways
containing DASE genes were obtained with ClueGo Plugin for CytosCape [35],
release 101, with the two-sided hypergeometric test in the enrichment analysis (FDR
<0.05).

3.3.7 Co-Expression Analysis

To evaluate the correlation between DASE genes, we performed a co-
expression analysis using the default parameters of the CEMITool package [36].

This software results in outputs with co-expressed modules and performs gene set
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enrichment (GSEA) and over-representation (ORA) analyses. The GO biological
processes terms underlying the DASE genes were used for ORA (FDR < 0.1). In
addition, the phenotype with the largest number of DASE genes was chosen for
GSEA. The animals for this trait were separated as High, Low, or “others” according
to their GEBVs, “others” being the remaining animals excluding those belonging to
contrasting groups. This analysis was conducted out to investigate the relevance of

co-expressed genes in each module.

3.3.8 Data Integration

We conducted data integration analysis to examine if the SNPs found in this
work were previously related to ASE and bovine phenotypes in other studies. First,
we retrieved ASE data from the same Nelore population, regardless of the
phenotypes [8,9]. After that, to compare the potential effect on the phenotypes, we
downloaded all GWAS data obtained in the muscle of Nelore from previously
published manuscripts related to meat quality [15], fatty acid content [16], and
mineral concentration traits [37]. QTLs coordinates obtained from the previous
bovine reference genome version (UMD3.1) were converted to the latest version
(ARS-UCD1.2) using the liftOver tool from the UCSC database (https:
/lgenome.ucsc.edu/cgi-bin/hgLiftOver, accessed on 7 June 2022).

DASE genes were compared with DEGs from the same Nelore population,
identified between contrasting samples for meat quality [18,21], fatty acid
composition [19], and mineral content [20,22] traits.

To identify SNPs potentially regulating the expression pattern, we considered
a window of 200 kb upstream and downstream of each DASE SNP to search for
aseQTLs [9], cis-eQTLs [9] and differentially methylated SNPs (DM) [38]. This 200
kb window was chosen based on our previous study [23] where the aseQTLs were
mostly located until 200 kb of the regulated ASE SNP, and based on the high LD
with the DASE SNPs expected to be present in that genomic distance. DASE SNPs
and their 200 kb-distant potential regulatory SNPs were compared with ChlP-Seq
and ATAC-seq data obtained in cattle muscle for the Functional Annotation of Animal

Genomes (FAANG) [39]. The significance of all comparisons with genomic position
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ranges was tested with 1000 permutations performed by the RegioneR package [40],

with a p-value threshold of 0.05.

3.4 Results
3.4.1 The Muscle-Related Phenotypes Are Correlated

Herein, we evaluated the potential effect of ASE on 55 carcasses and meat
quality, mineral content, and fatty acids composition traits obtained in Nelore steers’
muscle. GEBVs and the summary by sample group used here are reported in Table
S1. The average GEBVs differed significantly between the contrasting groups for all
phenotypes (p-value < 0.05). After selecting animals with extreme phenotypes for
the different traits (N = 20 per contrasting groups), 187 from the initial 190 samples
were kept for analysis. The animals could be analyzed in more than one phenotype.
The average number of phenotypes tested per sample was 11.76, ranging from one
to 36 traits.

We used all animals with collected phenotypes and RNA-Seq data (N = 190)
to identify correlated trait clusters in our population. From the correlation matrix, we
plot the correlogram in Figure 3.2. We observed two blocks of strong positive
correlations, one between the Ca, S, Zn, Na, Mg, and K minerals and the other
between the C14:1 cis-9, C16:1 cis-9, C20:2, C18:3n3, PUFA, C20:5, C20:4, C22:5,
and n3 fatty acids, including weak positive correlations with Cr and Cu in the same
block. Negative correlation blocks can be observed, being the more consistent
involving C10:0, C12:0, C14:0, C15:0, C18:1 trans -10,11,12, C17:0, C18:3n6,
C18:0, C16:0 and SFA traits against WBSFO, WBSF7, WBSF14, C18:1 cis-13,
C18:1 cis-12, C18:1 cis-11, C17:1, C20:1, C18:1 cis-9, and C18:1 total traits. The

correlation matrix is presented in Table S2.
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Figure 3.2 - Correlogram of mineral and fatty acid content phenotypes, carcass and
meat quality traits. Red squares represent negative correlations, blue squares
represent positive correlations and the white squares represent phenotypes without
correlation in this population.

3.4.2 Differential Allelic Imbalance Related to Livestock Traits Was Identified in
Bovine Muscle

We used several filters to increase the DASE results’ reliability. A sample
could be tested if it exhibited a heterozygous candidate SNP with at least ten counts.
Therefore, we set a threshold of at least three animals for which the SNP satisfied

our requirements in each contrasting group. Thus, for all SNPs, the sample number
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that passed these filters was less than the original 20 samples selected to compose
the contrasting groups. The average number of samples per tested SNP was 5.88
in the Low and 5.82 in the High groups, ranging from three to 18 animals in both
extreme groups (Table S3).

For the DASE analysis, 14,429 SNPs were analyzed in 387,919 tests, being
1479 significant tests corresponding to 937 unique DASE SNPs (FDR < 0.05).
Focusing on each trait, the number of tests ranged from 5871 to 8141, with a mean
of 7053 per phenotype. The average of DASE SNPs identified per phenotype was
26.89, ranging from 11 (for the C16:0 trait) to 73 (for WBSFO). All tests and the
corresponding significance are represented in Figure 3.3A and described in Table
S4. Figure 3.3B represents the significant DASE SNPs number per phenotype.

FCs ranged from -28.00 to 27.97, with an average of -0.41. The three DASE
SNPs with the most negative FC values were the rs524639701 (FC = -28.00; trait:
C18:C15), the rs441798208 (FC = -27.93; trait: C18:C15), and the rs523288898 (FC
= -26.53; trait: Na). The three DASE SNPs with the most positive values were the
rs517071070 (FC = 27.97; trait: BFT), the rs520889234 (FC = 25.93; trait:
C18:1:C12), and the rs443152461 (FC = 20.49; trait: C22:6). For 742 DASE SNPs
the ASE was larger in the High contrasting sample group, and for 737 DASE SNPs
this pattern was found in the Low group. Figure 3.3B represents the number of DASE
SNPs according to which phenotype extreme group exhibited ASE.

We used SNPEff to annotate DASE SNPs. We found that DASE SNPs are
mostly located in synonymous variation regions (n = 486 occurrences), followed by
3’ UTR regions (n = 318), downstream regions (n = 248), and 152 DASE SNPs were
predicted as missense variations (Table S4).
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Figure 3.3 - Differential allele-specific expression analysis results. (A) Manhattan
Plot with all DASE analysis results. The points above the red line were the significant
DASE SNPs (FDR <0.05). (B) Number of DASE SNPs per trait. The colors
correspond to the sample group that presented more allelic imbalance: Orange color
represent the number of DASE SNPs with more ASE in the high group (positive
Log2FoldChange values), and the blue color represents the ones with more ASE in

the low group (negative Log2FoldChange values).

3.4.3. Genes with Differential Allele-Specific Expression Were Related to Muscle
Homeostasis

The 937 uniqgue DASE SNPs are within 656 genes. The average of DASE
SNPs per gene was 2.25. The genes showing more DASE SNPs included Heat
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shock protein family B—small—member 6 (HSPB6), ENSBTAG00000052709
(novel), and ENSBTAG00000048585 (novel), with 36, 30, and 22 DASE SNPs,
respectively.

To investigate the biological relevance of the DASE genes, we analyzed the
gene enrichment of KEGG metabolic pathways, biological processes, and molecular
functions (Table S4). The DASE genes are related to 2246 biological processes,
such as regulation of transcription by RNA polymerase Il (with 5.64% of the DASE
genes), regulation of transcription, DNA-templated (5.48% of the DASE genes),
positive regulation of transcription by RNA polymerase 1l (5.03%), protein
phosphorylation (4.11%), positive regulation of transcription, DNA-templated
(4.11%), and protein ubiquitination (3.65%) (Table S5).

Regarding molecular functions, 22.25% of DASE genes were identified in
protein binding, 16.15% metal ion binding, identical protein binding (10.36%), ATP
binding (9.14%), nucleotide binding (8.84%), and other 758 molecular functions
(Table S5). We used ClueGo to perform the gene enrichment analysis of the KEGG
metabolic pathways. Based on the number of genes in each pathway, the largest
number was found for pathways in neurodegeneration (26 DASE genes), Alzheimer
disease (24), Parkinson disease (21), Prion disease (19), chemical carcinogenesis
(19), and diabetic cardiomyopathy (19). Considering the percentage of all genes
belonging to the pathways that overlapped our DASE genes, 16.13% of genes from
the citrate cycle (TCA cycle) pathway were found in this study, followed by 13.46%
of the genes from amino sugar and nucleotide sugar metabolism pathway, and
9.78% from the hypertrophic cardiomyopathy pathway. Figure 3.4A shows the
enriched KEGG pathways from all DASE genes (Table S6) regarding the number
and proportion of DASE genes in the pathways. The interaction of the pathways is

represented in the network in Figure 3.4B.
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Figure 3.4 - KEGG metabolic pathways enriched in the DASE genes. (A) Enrichment
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of KEGG biological pathways showing the number and proportion of DASE genes in
the given pathways. (B) Interaction network of the enriched KEGG pathways.

3.4.4. Co-Expression between DASE Genes

We conducted a co-expression analysis to identify modules of correlated
genes that can affect the studied phenotypes. We found five co-expressed modules
(M1, M2, M3, M4, and M5). The M1 module gathered 225 DASE genes, with NFATS5,
UQCR11, UTRN, NCOA3, and KDM7A as hub genes; M2 had 98 DASE genes, with
the SMAD5, UBE2W, OXR1, EDEM3, and ARID4A hubs; M3 had 69 DASE genes,
with MMADHC, NDUFA5, LRRC39, FASTKD2, and RTN4 hub genes; 60 DASE
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genes are within the module M4, with FANCG, CCNL2, RTEL1, STARDS3, and
CXXC1 hubs. M5 had 42 co-expressed DASE genes, being VIM, ANXA5, SPARC,
ANXAZ2, and COL3AL1 its hub genes. A total of 145 DASE genes were not correlated.
Modules and paired interacting genes are in Table S7.

To examine the biological relevance of the co-expressed genes, we analyzed
the gene ontology biological processes (BPs) of the DASE genes, corresponding to
the ORA (Table S8).

This analysis was not significant for M1, M3, M4, and M5. For M2, the protein
ubiquitination process was enriched with FDR = 0.07, with ten DASE genes. Due to
the greatest number of DASE genes (n = 56), we selected the WBSFO trait for GSEA
analysis. The GSEA was performed to explore if modules are upregulated or
downregulated in response to this phenotype based on the extreme sample groups.
WBSFO showed significantly enriched gene sets for the modules M1 and M2 in the
High and Low groups (Figure 3.5 and Table S9). These modules presented opposite
effects in each sample group, with the M2 module induced in the High group and
repressed in the Low group. Similarly, the M1 module showed repression in the High
group and induction in the Low group.
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Others High WBSFO Low WBSFO

M3

Figure 3.5 - Gene set enrichment analysis of co-expression modules involving DASE

M2

genes for WBSFO phenotype.

3.4.5 Integration Was Found between DASE SNPs and QTLs for the Related
Phenotypes

Integrating GWAS data obtained in the same Nelore population and the DASE
SNPs, retrieved 353 overlaps, involving 22 traits and 129 DASE SNPs (Table S10).
The top three QTLs with more overlap with DASE SNPs were REA (n = 86), LFAT
(n = 49), and C18:0 (n = 41). Furthermore, the rs134535828 DASE SNP was
identified as a cis-eQTL in the same population. Likewise, the rs136209194 DASE
SNP was previously found as an aseQTL [9] (Table S10). Four variants were
identified as DASE SNPs and QTLs for C18:0, three for REA, two for WBSF7, and
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two DASE SNPs for WBSFO were identified as QTLs for WBSF7, as described in
Table 3.1.

Table 3.1 - DASE SNPs overlapping QTLs associated with the same phenotypes in

both analyses.

DASE SNP Trait (DASE Trait (QTL
Analysis) Integration)
rs720456892, rs43664623, chr11:63468724 G>A, . )
chr11:69714613 G>A c18:0 c18:0
rs716062365, rs41721088, rs109947761 REA REA
rs109976566, rs444293703 WBSF7 WBSF7
rs208417619, rs720858445 WBSFO0 WBSF7

DEGs were also found with the identified DASE SNPs. We found 159
overlaps, between 16 traits and 136 genes containing 196 DASE SNPs (Table S10).
Three DASE genes, SAM and SH3 domain containing 1 (SASHL1), Solute carrier
family 25 member 4 (SLC25A4), and Diacylglycerol kinase delta (DGKD), identified
for C18:1 cis-9 were differentially expressed for oleic acid content (i.e., the same
fatty acid). Kelch-like family member 40 (KLHL40) was a DEG for palmitic acid
(C16:0) and a DASE gene for the same trait. Striatin Interacting Protein 2 (STRIP2)
was differentially expressed for REA [21] and has the rs137477165 DASE SNP
identified here for REA.

3.4.6 Regulatory Variants Related to the DASE Pattern

We compared DASE SNPs with data from our previous study [9]. The ASE
SNPs were tested as cis-eQTLs, and SNPs until 200 kb distants of the ASE SNPs
were tested as aseQTLs. We found all DASE SNPs overlapping ASE SNPs from our
previous study [9], 23 of them classified as aseQTLs and 47 as cis-eQTLs (Table
S10). Since regulatory mechanisms can act in variants neighboring the region with
ASE, we searched for potential regulatory variants until 200 kb from the DASE SNPs.
We found 9857 aseQTLs and 1274 cis-eQTLs in this genomic window, around 302
and 289 DASE SNPs, respectively, from our recent study [9]. De Souza et al. (2022)
used a subset of 12 animals from the same population to obtain the methylation

profile in the muscle, identifying regions with differentially methylated (DM) SNPs
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across contrasting groups for the tenderness phenotype. We found 50 DASE SNPs
located until 200 kb of distance from these DM regions (Table S10).

The DASE SNPs and potentially regulatory SNPs until 200 kb around them
(DM SNPs, cis-eQTLs, and aseQTLs) were compared with FAANG’s ChlP-seq and
ATAQ-seq data [39]. We found 182 DASE SNPs overlapping functional regions
(Table S10). From the overlapped DASE SNPs, 21 were previously identified as
QTLs in the same population, affecting traits such as REA (15 SNPs), BFAT, C18:0
and LFAT (five SNPs), WBSF7 and WHC (four SNPs). From all potential regulatory
variants until 200 kb of distance from the DASE SNPs, 1145 aseQTLs, 212 cis-
eQTLs and 14 DM SNPs were located within functional regions from FAANG (Table
S10). The permutation tests conducted with RegioneR indicated that the data
integration was significantly more frequent than by chance (Supplementary Data
S1).

We compared all features overlapping DASE SNPs to evaluate the evidence
of the regulatory potential on the transcription and phenotype (Table S11). Some
SNPs were found in multiple datasets (Table S11). The rs519474617, identified as
aseQTLs and cis-eQTLs [9], is located in a region presenting all epigenetic marks
from FAANG'’s study obtained in bovine muscle [39]. The rs717173356, found as a
cis-eQTL and aseQTL in our previous study [9], is located in a CTCF binding region
from Kern et al. (2021). The rs470985689 DASE SNP, which showed DASE for the
Ar content, is located in accessible chromatin and CTCF regions [39], integrated with
aseQTLs [9] and was previously identified as a QTL for REA [15].

DASE SNPs of DEGs overlapping FAANG's epigenetic data are also
integrated with potentially regulatory SNPs (Tables S10 and S11). The main SNPs
in this context are: five variants overlapping meat-quality QTLs, five overlapping

aseQTLs and seven with cis-eQTLs, as described in Table 3.2.
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Table 3.2 - DASE SNPs located in DEGs which overlapped epigenetic data and

putative regulatory variants.

Trait

Variant Annotation / Trait FAANG .
DASE SNP Gene (DASE (DE)  Trait (QTL) aseQTL ciseQTL
Analysis)
P, Cu,
Na, K,
rs457578905 ~ Synonymous_variant o Nowra  ATACSeq o No
/| THBS4 ge LFAT
daily
gain
3 prime_UTR_varian CLA- ATAC-seq
rs718541482 tTWDRA8 PUFA Igitll, REA No No
3_prime_UTR_varian i H3K27ac
rs211442363 t 7 SPARC C20:1 IMF REA No No
downstream_gene_v CLA- ATAC-seq
r$715527852 ariant / SUGT1 P.S cotll  REA No No
synonymous_variant  n6, C20:1, H3K27ac
rs1115255230 | SPARC C10:0 IMF REA No No
rs209388096 synonymous_variant  ~»5.q REA  ATAC-seq No Yes
/ AMFR
rs710046630  Synonymous_variant - \yeeri,  CLA- aracceq No Yes
/ PGD cotll
H3K4me3,
H3K27ac
. C18_1 T6 '
upstream_gene_vari - H3K4mel,
rs1117381943 ant / CAVIN §T7_T8_T AO H3K4me3. No Yes
ATAC-seq,
CTCF
synonymous_variant . CLA- i
rs516592412 | PDG C20:1 cot11 ATAC-seq No Yes
H3K4me3,
H3K4mel
. C18_1 T6 ;
upstream_gene_vari - H3K27me3,
rs1117068355 ant / CAVIN §T7_T8_T AO H3K27ac, No Yes
ATAC-seq,
CTCF
5 prime_UTR_varian H3K4mes,
rs109090536 P = - C20:2 AO H3K4mel, No Yes
t/ DCAF11
H3K27ac
rs443738741 synonymous_variant 5., REA  ATAC-seq No Yes

/ LNX2
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synonymous_variant

rs379719524 / NRAP Cr AO ATAC-seq No Yes
synonymous_variant . ATAC-seq,
rs715652252  LNX2 C20:2 REA CTCE No Yes
. H3K27ac,
rs468833876 upstream_gene_vari €18 2 €9 CLA- 13157mes,  No Yes
ant / NUTF2 C12 cotll
- H3K4me3
rs135451771 synonymous_variant - AO ATAC-seq  No Yes
/ NRAP
. C18 1 T6
chr2:5447956 synonymous_variant -
GoA I BINL §T7_T8_T AO H3K27ac No Yes

3.5 Discussion

The information on correlated phenotypes or the traits belonging to the same
cluster is important to investigate the pleiotropic effect of allelic imbalance and
understand DASE SNPs eventually identified for multiple meat quality traits. By
correlating all phenotypes in our population, we found phenotypic interactions
making biological sense. The Ca, Mg, and Zn minerals showed a positive correlation
here and were associated with human muscle mass [41]. Zinc is an essential mineral
for lean body mass synthesis, but relatively large amounts of Zn are needed for new
tissue synthesis [42]. Moreover, we found positive correlations between unsaturated
fatty acids and Cu and Cr. Chromium methionine chelate supplementation in
Holstein steers increased the C20:4 (p-value = 0.07) and PUFA (p-value = 0.04) in
beef during late fattening period [43].

Negative correlations were found between saturated fatty acid (SFA)
composition and WBSF traits, which means that tender samples had larger
concentrations of SFA. SFA can be related to initial and sustained juiciness in beef
[44]. Although the excessive ingestion of SFA can be detrimental to the consumer’s
health, they are still related to tenderness and juiciness in the bovine muscle [44,45].
To bring a balance to the production aspects, selecting a fatty acid composition in
the herd must help the beef quality without increasing undesired fatty acids, which

harm the consumers’ health.
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The selection of contrasting samples for DASE analysis used almost all
initially available animals (187 samples out of 190). Nevertheless, the DASE analysis
was still conservative due to the limited number of animals in each contrasting group
presenting collected phenotypes and a transcribed heterozygous SNP. The number
of animals tested for DASE ranged from three to 18 per contrasting group. The
statistical power of DASE analyses would be improved in larger experimental
populations, in which it is possible to test larger contrasting groups because of the
increased probability of heterozygous SNPs able to be tested. However, requiring at
least three animals in each group may have guaranteed confidence in the obtained
results without losing too much information due to our sample size.

Comparing the number of significant results with the ones from our previous
work [9], we found that only 2.45% of the ASE SNPs were identified here as DASE
SNPs. The proportion of tested SNPs in DASE analysis was 1.06% of the SNPs from
the original dataset (~4 M SNPs), compared with the 3.02% tested for ASE [9].
Firstly, we did not expect all ASE SNPs to be classified as DASE SNPs because it
is improbable that they all were located in genes related to the studied phenotypes.
Moreover, the ASE results are obtained per animal, with multiple ASE SNPs being
significant in a small proportion of the population, thus resulting in a larger number
of significant results compared to the DASE analysis. Our analysis depends on the
phenotypic variation, so it was performed in a selected sample rather than the whole
population, resulting in a reduced number of significant results. The annotation of
DASE and ASE SNPs was similar, mostly located in synonymous variation,
downstream, intronic, and 3’ UTR regions.

DASE genes identified as hubs of the co-expression analysis were underlying
metabolic pathways. ORA enriched for the protein ubiquitination process in M2. The
ubiquitination process marks the proteins to be degraded in the cell cycle, requiring
some calcium-dependent enzymes [46]. C18:2 increases ubiquitination and has a
potential role in the proteasomal degradation of tyrosinase [47]. We found 15 DASE
genes associated to C18:2 traits co-expressed in M2, being seven related to C18:2
cis-9, trans-11 (ACIN1, COIL, DGKD, MED23, SMARCA4, TMEM167A, and
RNF20), five DASE genes for C18:2 trans-11, cis-15 (ITGB1, RGSS, SCAP, BMS1,
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and CCNL2) and three for C18:2 cis-9,12 trait (EXOC1, NUTF2 and TMX3). From
pig muscle, polymorphisms of ubiquitin protein ligase E3C were associated with IMF
and fatty acid composition, being known as the relationship of E3 ubiquitin proteins
and lipid metabolism [48]. Beef tenderness was related to proteasome proteolysis,
which in turn, requires protein ubiquitination [49]. These results suggest an interplay
between beef tenderness and fatty acid content in muscle, especially for C18:2, via
ubiquitination-dependent proteasomal degradation.

To evaluate the enrichment of genes belonging to modules between the
sample groups, the GSEA was performed. We found M1 and M2 modules with
opposite effects in contrasting groups of the WBSFO trait. The M1 module showed
positive activity in the Low WBSFO group (more tender samples). Cytochrome b-cl1
complex subunit 10 (UQCR11), a hub gene of M1, codes to the third complex of the
mitochondria’s electron transport chain, and showed DASE for SFA, C18:3n6,
C20:5, and PUFA. Fatty acids are related to mitochondrial membrane permeability
[50]. After slaughter, under no blood circulation, mitochondria activity is impaired but
still may influence biochemical processes in postmortem muscle, which in turn
requires oxygen from myoglobin to produce ATP [51]. UCQCR11 converts ubiquinol
in cytochrome c [52]. The release of cytochrome c induces apoptosis [51,53].
Apoptosis is a proteolytic process related to meat tenderization under oxidative
stress [49,54,55], which can result from increased mitochondrial membrane
permeability [50]. Utrophin, encoded by UTRN, the hub gene of M1, is a therapeutic
target for Duchenne muscular disease [56,57]. The upregulation of this protein
reduces oxidative stress and mitochondrial pathology [57], and this protein was
related to the homeostasis of the sodium channel in the heart [56], attenuating the
Duchenne’s pathology [56]. Among the 15 genes within M1 that showed DASE for
the same enriched trait (WBSFO0), there are Platelet-Derived Growth Factor Receptor
Alpha (PDGFRA), previously identified as a DEG for Ca [22], and Prune Homolog
2With BCH Domain (PRUNEZ2), differentially expressed in extremes of RFI [24].

The M2 module showed positive activity in the High WBSFO group (less
tender samples), a reverse pattern compared with the M1 module. SMADS is a hub

gene of the M2 module, involved in 39 BPs (see Table S4) being its product a
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transcription factor part of BMP signaling [58], exhibiting a role in myogenesis and
muscle growth [58,59]. Oxidation resistance 1 (OXR1) was associated with growth
traits in Wagyu cattle [60] and was found as a hub gene in our co-expression
analysis. OXR1 has emerged as an essential antioxidant protein that controls
neurons’ susceptibility to oxidative stress. The OXR1 protein is involved in
maintaining mitochondrial morphology in the stress response as part of its
antioxidant function [61]. This protein has orthologs between several species and is
conserved throughout evolution [62]. Thus, the gene set of M1 seems to be related
to meat tenderness, with positive activity in the tender group and the gene set of M2
have a role in muscle growth. These genes are probable candidates for improving
beef quality and production, and the causal regulatory variants can be linked to the
respective DASE SNPs.

Some DASE genes were associated with the same phenotypes affected by
differentially expressed genes previously identified in the same population. These
findings suggest that the total expression of these DASE/DE genes can be affected
by cis-regulatory mechanisms acting over the given DASE SNP region. We identified
three genes, SAM And SH3 Domain Containing 1 (SASH1), Solute Carrier Family
25 Member 4 (SLC25A4), and Diacylglycerol Kinase Delta (DGKD) associated here
and previously DEG with oleic acid content (C18:1 cis9) [19]. SLC25A4 is a DEG up-
regulated in the Low group for oleic acid content, showing ASE in the Low group in
this work for its uniqgue DASE SNP - rs109988743, located in a region with H3K4me3,
H3K4mel, H3K27ac, and H3K27me3 peaks reported previously in bovine muscle
[39]. KLHL40 was found as DEG up-regulated in the Low group for palmitic acid
(C16:0) [19], and its rs515929286 DASE SNP was found here with more ASE in the
Low group, being located in an accessible chromatin region [39]. STRIP2 was down-
regulated in the Low group of REA [21] and showed ASE in the Low group of the
same trait here for the rs137477165 DASE SNP, located in a functional region of
H3K27ac histone modification [39].

The DASE SNPs pointed out here may be candidates to improve oleic acid
content and REA in bovine muscle, and the variants regulating their transcription

warrant further investigation. The integration of DASE results and regulatory data
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revealed multiple functional variants overlapping or neighboring DASE SNPs, which
might be responsible for the allelic expression pattern and phenotype. This study
indicated that the DASE SNPs may not be exclusively markers for conditional-
dependent ASE but also regulatory elements or in linkage disequilibrium with the
causal variants. We showed DASE SNPs classified previously as cis-eQTLs and
aseQTLs, such as rs519474617 and rs717173356, located in accessible chromatin
regions and CTCF-binding regions, indicating CTCF-mediated transcription
regulation [63]. DASE SNPs of previously described DEGs also integrated with
multiple targets from FAANG'’s study [39] and with aseQTLs, cis-eQTLs, and QTLs
obtained in the same population, such as rs1117068355 and rs1117381943 DASE
SNPs/aseQTLs, rs468833876 (DASE SNP/cis-eQTL) and rs457578905 (DASE
SNP/QTL). Thus, DASE regions are co-localized with functional SNPs, which are
useful for discovering regulatory variants that affect gene expression and
phenotypes.

Other studies can take advantage of the DASE results, highlighting which
contrasting group presented ASE for the intended phenotype to track regulatory
variants close to the DASE SNP or even admitting its own regulatory potential. The
DASE analysis is a helpful one-step approach for identifying genomic regions
simultaneously associated with gene expression and phenotypic variance, as long
as a large experimental population is available. From the DASE analysis, multiple
potentially functional variants were identified located in previously reported
regulatory regions. Because of the predicted association between DASE genes and
meat quality traits, the identified DASE SNPs can be further explored to be applied

in beef improvement programs.
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4 PARENT-OF-ORIGIN QTLS AND ALLELE-SPECIFIC METHYLATION
REGIONS IDENTIFICATION

This section contains transcriptions from the paper under development,
“Parent-of-origin and allele-specific methylation effects on gene expression
and muscle traits in Bos indicus cattle”. The following results are based on allele-

specific methylation (ASM) and POEs affecting muscle-related traits.

Supplementary Materials: The following supporting information can be
downloaded at:

https://drive.qgoogle.com/drive/folders/IW3GrAl1Got4NDTtkyf8uvsxcT Xa-

giPM?usp=sharing



https://drive.google.com/drive/folders/1W3GrAI1Got4NDTtkyf8uvsxcTXa-gjPM?usp=sharing
https://drive.google.com/drive/folders/1W3GrAI1Got4NDTtkyf8uvsxcTXa-gjPM?usp=sharing
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4.1 Abstract
Parent-of-origin effects (POEs) occur when the impact of an allele depends on

its parental origin; if the POE influences gene expression by silencing one parental
allele, it can be classified as genomic imprinting. Allele-specific methylation (ASM)
is an epigenetic mechanism that drives allele-specific expression (ASE) and
genomic imprinting, which, in turn, can affect gene expression and contribute to
phenotypic variance. Our previous studies identified SNPs within ASE regions (ASE
SNPs) and predicted their cis-regulatory variants in muscle from 190 Nelore (Bos
indicus) steers. This study expands these findings by investigating POEs and ASM
regions in Nelore muscle to reveal the potential mechanisms impacting economically
important traits. By applying a Robust Omnibus Test model to identify POEs from six
groups of muscle-related traits, we were able to identify 1,817 parent-of-origin
guantitative trait loci (PO-QTLS), mostly associated with polyunsaturated fatty acids
concentration traits. The lack of overlapping PO-QTLs across different trait clusters
suggests that PO-QTLs are phenotype-set-specific. PO-QTLs overlapping ASE
SNPs and cis-eQTLs, were annotated on genes imprinted in bovine (e.g., C1S) and
human (e.g., RASGRF1). To profile ASM regions genome-wide, we used reduced
representation bisulfite sequence datasets from twelve steers of the same
population. We identified 8,074 ASM regions, of which 269 were identified in all
samples. ASM was mainly located on promoters, and many of the annotated genes
overlapped imprinted genes in bovine and humans, such as GNAS and MEST,
presenting more candidates for validation. A total of 111 ASM regions impacted
genes with monoallelic expression determined in our previous studies, reaffirming
the connection between ASM, ASE, and genomic imprinting. PO-QTLs and ASM
were predicted to be affected by transcription factors and miRNA binding,
emphasizing their potential regulatory implications. From predicted functional
variants and the evidence of novel genomic imprinting loci in the bovine genome,
this study offered new insights into allele-specific methylation and POEs
mechanisms in cattle. It is deepening our understanding of how epigenetic

modifications contribute to important genes and traits in Nelore cattle.
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4.2 Introduction

Parent-of-origin effects (POE) consist of asymmetric and parental-dependent
transmission and in its impact of alleles on offspring. This pattern does not follow the
Mendelian inheritance, where one allele is transferred from each parent to their
diploid progeny (GUILMATRE; SHARP, 2012). Genomic imprinting is the most well-
known and studied POE, comprising the silenced expression of a gene in one allele
inherited from a specific parent (GUILMATRE; SHARP, 2012; LAWSON;
CHEVERUD; WOLF, 2013). Epigenetic mechanisms, either through parental-
dependent histone modification or DNA methylation in CpG-rich areas, are
correlated with imprinting control regions and dictate this pattern during the
gametogenesis (JIRTLE; WEIDMAN, 2007; NEUGEBAUER et al., 2010).

Genome-wide association studies (GWAS) have been developed to identify
quantitative trait locus (QTLs) associated with phenotypic variance; however,
complex traits may be dependent on multiple loci and can be affected by POEs
(GUILMATRE; SHARP, 2012), such as genomic imprinting (LAWSON; CHEVERUD;
WOLF, 2013). The most traditional GWAS approaches do not account for POE
asymmetry on phenotypic variance (LAWSON; CHEVERUD; WOLF, 2013), missing
this significant aspect of genetic inheritance. For example, with differing maternal
and paternal contributions, genomic imprinting accounted for 8% to 25% of the
additive genetic variance for ten beef traits of Simmental cattle (NEUGEBAUER et
al., 2010). The incorporation of POEs in the predictive model explained 6% of the
overall phenotypic variance of the total oocyte trait from Gir dairy cattle (ROCHA et
al., 2024).

Beyond the genomic imprinting, POE can result in phenotypic variance without
directly impacting gene expression. Trans-generational effects are very interesting
for livestock because specific alleles from a parent can impact the offspring
phenotypes via epistatic interactions or even by parent behavior and environmental
effects that modulate the traits epigenetically (GUILMATRE; SHARP, 2012; ST.
PIERRE et al.,, 2022). The females, in addition to transmitting its autosomal

chromosomes, transmit mitochondrial DNA to their offspring, and the Y chromosome
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Is transmitted by the males to their male progeny, impacting phenotypic variation
(GUILMATRE; SHARP, 2012).

To analyze POE and genomic imprinting is required to know the parental origin
of each allele of the progeny, being more informative when using pure lines crossing,
aiming to have more heterozygotes in the hybrid population (LAWSON;
CHEVERUD; WOLF, 2013). This requirement is a limiting factor due to the high price
to genotype founders and offspring in a sufficiently dense coverage, using a
particular experimental design that is unfeasible for large livestock populations and
collaborative projects. In light of this, studies have demonstrated that the presence
of a POE causes heterozygotes to exhibit more phenotypic variation in comparison
to homozygotes in large sample sizes with unknown familial trio genotypic
information (HEAD et al.,, 2023; HOGGART et al., 2014). This idea was more
recently applied in a novel model — POIROT (HEAD et al., 2023), which was founded
on the hypothesis that pleiotropy across several linked characteristics from large
GWAS may be exploited through the combined study of multiple traits. This
approach uses a Robust Omnibus Test to compare the phenotypic covariance matrix
of heterozygotes and homozygotes (HEAD et al., 2023).

POEs affecting gene expression are the result of strong allele-specific
methylation (ASM) and allele-specific expression (ASE) events (TYCKO, 2010).
Locating regions under the effect of both ASE and whole-genome methylation marks
is an interesting research direction to identify potential new candidates to be further
validated as imprinted loci (LAWSON; CHEVERUD; WOLF, 2013). RNA sequencing
approaches can identify ASE patterns genome-wide, showing imbalanced
transcription between the two alleles of a heterozygous SNP (CASTEL et al., 2015;
ST. PIERRE et al.,, 2022). For ASE, imbalanced expression is based on the
nucleotide variation, and for imprinting, this pattern is strong (typically expressed
monoallelically) and occurs in response to the allele’s parent-of-origin (ST. PIERRE
et al., 2022). The allelic imbalance on gene expression consists of the most
straightforward information useful to the discovery of new imprinted loci but requires
an accurate assessment of the alleles’ parental origin (LAWSON; CHEVERUD;
WOLF, 2013). ASE can be the result of cis-regulatory mechanisms (CASTEL et al.,
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2015; TYCKO, 2010) acting in only one heterozygous allele, as the transcription
factor binding sites (TFBS) presence in the gene promoters (ABRAMOV et al., 2021;
TYCKO, 2010), miRNA binding sites mainly in the 3’end (as reviewed by VOHRA et
al., 2020), and epigenetic mechanisms, such as allele-specific DNA methylation
(ASM) (LAWSON; CHEVERUD; WOLF, 2013; ST. PIERRE et al., 2022; VOHRA et
al., 2020).

In our previous studies, we identified ASE SNPs from muscle samples of 190
Nelore steers, predicting neighboring regulatory variants impacting gene expression
(aseQTLs) and the transcript abundance (cis-eQTLS) to increase knowledge on the
regulatory machinery controlling the haplotype expression (BRUSCADIN et al.,
2022a). In a subsequent paper, due to the evidence of ASE being shown to have a
role in the phenotypic variation due to cis-regulation (LIU et al., 2020; PRZYTYCKI;
SINGH, 2020; ST. PIERRE et al., 2022), the allelic imbalance was compared
between animals contrasting for muscle-related traits groups, identifying differential
(context-dependent) ASE SNPs (DASE SNPs) (BRUSCADIN et al., 2022b). These
findings provided a basis for the potential regulatory dynamics of the allelic
imbalance and pointed out regions where this biased expression can impact
phenotypes. However, our previous efforts did not explore POEs or genomic
imprinting aspects. Thus, herein, we investigated the POEs affecting muscle-related
traits and analyzed the genome-wide distribution of ASM regions in the bovine
muscle. Our hypothesis is that the parent-of-origin effects can influence the
phenotypic variation of beef-related traits obtained in cattle muscle. Also, we believe
that the ASM can be useful in integrative analyses to uncover the allelic regulation

in Nelore muscle, pointing out new candidates for genomic imprinting in cattle.

4.3 METHODS

4.3.1 Animal production and data collection: Phenotypes, DNA and RNA
seqguencing

Animal production: All experimental protocols were approved by the
Institutional Animal Care and Use Committee of Embrapa Pecuaria Sudeste (Sao
Carlos, Séao Paulo, Brazil, Protocol CEUA 01/2013). Briefly, semen samples from 34
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sires that represented the main Nelore cattle lineages in Brazil were used for artificial
inseminations with purebred Nelore dams to produce a population of 386 half-sib
Nelore steers (CESAR et al., 2014; TIZIOTO et al., 2013). The animals were grown
in consistent management and feeding circumstances (TI1ZIOTO et al., 2013) and
were slaughtered when their backfat thickness (BFT), measured by ultrasonography,
reached 5 mm. Longissimus thoracis muscle samples were extracted between the
11th and 13th ribs, and blood samples were collected in vacuum tubes with
potassium EDTA (K3) (CESAR et al., 2014; TIZIOTO et al., 2012, 2013), stored

frozen in an -80 °C freezer until the next steps.

Phenotype measurements: Backfat thickness (BFT) and Rib eye area
(REA) were measured from fresh steaks 2.5 cm thick. Using Warner-Bratzler
equipment, tenderness traits were assessed as a shear force at 24 hours (WBSFO0),
seven days (WBSF7), and fourteen days after slaughter (WBSF14) (TI1ZIOTO et al.,
2013). Breeding season, slaughter group, birth and feedlot sites, and animal age at
slaughter were all fixed factors in the model to obtain the Genomic Estimated
Breeding Values (GEBVs) for these phenotypes, as described previously (TIZIOTO
et al., 2013, 2014).

A Vista Pro-CCD ICP-OES spectrometer (Varian, Australia) was used to
examine 100 mg of lyophilized muscle samples to determine the mineral content
(e.g., Ar, Ca, Cr, Co, Cu, Fe, Mg, Mn, P, K, Se, Na, S, and Zn). In the Animal
Nutrition and Growth Laboratory at ESALQ, Piracicaba, Sdo Paulo, Brazil, the
measurements of intramuscular fat (IMF) traits were carried out with Ankom XT20
Fat Analyzer in accordance with the suggested procedures (CESAR et al., 2014).
From 4 g of muscle samples the fatty acid (FA) content was extracted and profiled
with gas chromatography by comparing the retention time of the resulting methyl
esters with reference standards. With slaughter age as a covariate and fixed
variables (birth, feedlot location, and breeding season) taken into consideration,
GEBVs for the fat-related traits were computed using GenSel software (TIZIOTO et
al., 2013, 2014).
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DNA sequencing and imputation: The phenol-chloroform procedure was
used to extract DNA from frozen semen samples from the sires. The Illlumina HiSeq
2500 System (lllumina Inc., San Diego, CA, USA) at the Functional Genomic
Center—ESALQ (Piracicaba, SP, Brazil) was used to perform whole-genome
sequencing of 26 sires with a coverage of 8-21X. Data management adhered to the
previously outlined procedures of the 1000 Bulls Genomes Project (accessible on
July 1, 2020) (CARDOSO et al., 2021). The salting-out techniqgue was used to
recover DNA from blood samples for the offspring (TIZIOTO et al., 2012). Agarose
gel electrophoresis was used to verify integrity, NanoDrop® was used to determine
DNA content, and the 260/280 optical absorbance ratio was used to assess purity.
As previously mentioned, the lllumina 700 K BovineHD BeadChip (lllumina Inc., San
Diego, CA, USA) was used to genotype sires and steers (MUDADU et al., 2016).

Our genotypes comprise an imputed dataset that integrated whole-genome
sequencing results from 26 sires and the high-density genotyping data from the
progeny, as previously reported (CARDOSO et al., 2021). Autosomal SNPs with a
minor allele frequency higher than 0.01 and an imputation error rate of less than 2%
were kept after quality control, which was carried out using PLINK software
(PURCELL et al., 2007), resulting in 4.8 million SNPs (CARDOSO et al., 2021).

RNA sequencing: TRIzol® (Life Technologies, Carlsbad, CA, USA) was
used to extract total RNA from 100 mg of muscle tissue from 190 steer samples as
per the manufacturer’'s instructions. RNA sequencing was carried out at the
Functional Genomic Center—ESALQ (Piracicaba, SP, Brazil), using an lllumina
HiSeq 2500® system to sequence the RNA libraries after they were produced using
the TruSeq RNA Sample Preparation Kit (lllumina, San Diego, CA, USA) (CESAR
et al.,, 2018). SeqyClean v1.4.13 was used for quality control, eliminating low-
complexity reads and sequencing adapters (ZHBANNIKOV et al., 2017). STAR
software (DOBIN et al., 2013) was used to align the sequences to the bovine
reference genome (ARS-UCD1.2, Ensembl 100) with default settings. The WASP
pipeline (VAN DE GEIJN et al., 2015) was used to mitigate inflated reference allele
counts and resolve potential mapping biases. GATK ASE Read Counter (MCKENNA



108

et al., 2010) was used to obtain allele-specific expression counts from heterozygous

variations (Bruscadin et al., 2022a)

4.3.2 Preliminary GWAS

For the parent-of-origin GWAS (PO-GWAS), we selected 185 samples for
which data from all phenotypes were available. We applied the POIROT
methodology (HEAD et al., 2023), whose assumptions that using correlated traits
can improve the identification of parent-of-origin variants. Thus, we aimed to cluster
similar phenotypes using Pearson’s correlation matrix from our previous study
(BRUSCADIN et al., 2022b) from the Genetic Estimated Breeding Values (GEBVSs)
of all 55 available phenotypes for a hierarchical clustering analysis. We used the
Manhattan distance method to evaluate the trait’s similarity and the K-means method
to delimitate the phenotype clusters.

Based on the trait clustering results and our biology knowledge, we selected
ten “tag phenotypes” to run a traditional GWAS analysis from all our available and
quality-controlled SNPs to select SNPs with evidence of effect on our phenotypes.
For each tag phenotype, we used GEMMA (ZHOU; STEPHENS, 2012) to apply a
linear mixed model as described previously (CARDOSO et al., 2021) to associate
the SNPs genome-wide to the GEBVs of the selected traits. We considered SNPs,

resulting in a nominal P-value < 0.001 for the subsequent analyses.

4.3.3 PO-GWAS

We constructed a panel comprising all selected SNPs from the preliminary
GWAS analyses, and another SNPs obtained from our previously studies: ASE
SNPs, DASE SNPs, and their neighboring cis-eQTLs and aseQTLs, which are SNPs
associated with the transcript abundance and associated with the allele-specific
expression, respectively (BRUSCADIN et al., 2022a, 2022b). Thus, we tested all
selected SNPs in each PO-GWAS run to investigate if they showed parent-of-origin
effects in each phenotype set using POIROT (HEAD et al., 2023), which models the
phenotypic covariance matrix between heterozygotes and homozygotes using a

Robust Omnibus Test. The resulting P-values were corrected using Benjamini-
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Hochbergs'’s False Discovery Rate (FDR) method, considering significant SNPs with
a FDR < 0.05.

4.3.4 SNP Annotation and Gene Enrichment Analysis

The annotation of PO-QTLs and of functional effects prediction were performed
using SNPEff software (CINGOLANI et al., 2012), based on the bovine reference
genome assembly ARS UCD1.2. Genes affected by PO-QTLs from each PO-
GWAS analysis were used for an enrichment analysis implemented by the EnrichR
package (KULESHOV et al.,, 2016), with data from Gene Ontology Biological
Process (v2023) and the significance threshold of FDR < 0.05.

4.3.5 Allele-specific methylation analysis

From 12 samples from the same experimental population, Reduced
Representation Bisulfite Sequence (RRBS) data was obtained in muscle, as
described elsewhere (DE SOUZA et al., 2022). The raw files were downloaded from
NCBI’'s Gene Expression Omnibus (GEO) accession number GSE190966. The fastq
files were quality-controlled using TrimGalore!
(https://github.com/FelixKrueger/TrimGalore) with the —ribs flag, and the quality was
checked with fastgc. The resulting reads were mapped against the reference
genome ARS UCD1.2 using Bismark software (KRUEGER; ANDREWS, 2011),
which was also used to conduct the deduplication and methylation extraction by
applying the default parameters.

Allele-specific methylation events were obtained by implementing the
DNMTools software (SONG et al., 2013), running the amrfinder function with the
parameters -g 100 -w 5 -m 3, which means that the maximum distance between
CpGs is 100 bp. The sliding window (w) to the test is at least five CpGs, and -m 3
indicates the minimal coverage of reads matching a CpG to be tested. The software
returns the FDR-adjusted P-values, and we considered significant all regions that
showed a FDR < 0.01.

The ASM regions were annotated using Homer (v5.1) (HEINZ et al., 2010), the

reference genome, and annotation from the ARS-UCD1.2 assembly. Vcftools
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(v0.1.16) (DANECEK et al., 2011) was used to filter the genotype file for the ASM

regions, selecting SNPs overlapping regions under the control of allelic methylation.

4.3.6 Integration of variants and genes with previous studies and public data

We compared our findings with several datasets to find bibliographic
consistency and to draft some hypotheses about the relevance of our findings in
livestock. Genes annotated for the PO-QTLs and ASM regions were compared to
the list of ASE genes and DASE genes from our previous studies (BRUSCADIN et
al., 2022a, 2022b) and with imprinted genes from the Genelmprint database

(http://www.geneimprint.com/), with any imprinting evidence in cow and human

species. Variants within ASM regions and the PO-QTLs were overlapped with ASE
SNPs, DASE SNPs, aseQTLs and cis-eQTLs obtained in the same experimental
population (BRUSCADIN et al., 2022a, 2022b).

4.3.7 Prediction of regulatory mechanisms

Different prediction analyses were run to understand the potential regulatory
machinery affecting gene expression in bovine muscle. FIMO was used to identify
transcription factor motifs in regions showing ASM and PO-QTLs upstream to the
transcription start site of the closest genes, using the set of transcription factors
binding sites (TFBSs) from vertebrates, downloaded from Jaspar database (v2024)
(RAULUSEVICIUTE et al., 2024). We considered as significant the results showing
FDR-corrected P-value < 0.05. Enrichment analysis was performed with the TFs with
motifs predicted for PO-QTLs from each phenotypic set with enrichR (KULESHOV
et al., 2016) using the same method described in Section 4.2.3.

To search for miRNA binding sites in the genomic regions of our findings,
ASM/PO elements located downstream the 3'UTR regions were tested as miRNA
motifs with RNAHybrid (KRUGER; REHMSMEIER, 2006), with the parameters: -s
3utr_human -c -e -18 -p 0.05 -f 2,7 and the bovine miRNAs downloaded from the
mirGene database (FROMM et al., 2022). For TF and miRNA maotifs discovery, the
input target regions were genomic sequences extracted from the bovine reference
genome (ARS_UCD1.2) according to coordinates of the ASM regions and 15 bp-
flanking regions around PO-QTLs.


http://www.geneimprint.com/
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4.4 RESULTS AND DISCUSSION

4.4.1 Parent-of-origin effects were found for clusters of correlated traits

The phenotypes clustered in well-defined groups, as shown in Figure
4.1. Herein, we will discuss the results based on the color coding of the clusters.
The black cluster consists of mineral phenotypes (Ca, S, Zn, Na, Mg, P, and K); the
red cluster consists predominantly of saturated FAs as C10:0, C12:0, C14:0, C16:0,
C17:.0, C18:0, SFA (sum of saturated fatty acids); but also contains the
monounsaturated FAs C18:1-transl6 and C18:1-trans10,11,12, and the
polyunsaturated FA C18:3-n6; polyunsaturated FAs are concentrated in the green
cluster (C20:2, C20:4, C20:5, C22:5, C22:6, C18:2-cis9,12, sum of polyunsaturated
FAs — PUFA, C20:3 n6, n3 and n6); the blue cluster is represented mostly by
monounsaturated FAs (C18:1, C18:1 cis-9, C18:1 cis-11, C18:1 cis-12, C18:1 cis-
13, C18:2 trans-11 cis-15, C17:1, C20:1), but also included BFT and REA; the
turquoise cluster contains shear force phenotypes (WBSFO, WBSF7, WBSF14) and
arsenic concentration trait; the pink cluster consist of minerals (Cu, Se, Cr, Co, Mn,
and Fe), monounsaturated FAs (C14:1 cis-9, C16:1 cis-9, C18:1 trans-6,7,8,9), one
polyunsaturated FA (C18:2 cis-9 trans-11) and the IMF trait.
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Figure 4.1 — Hierarchical Clustering Dendrogram based on GEBVSs.

For the GWAS preliminary analysis, we chose ten traits (Table 4.1) based on
the branches of the dendrogram of Figure 4.1. We also considered some biological
knowledge about the more interesting traits of livestock to get a representative
subset of variants that affect all these traits. The selected traits were sodium
concentration, the sum of saturated FAs, the sum of polyunsaturated FAs (PUFAS),
the sum of omega3 (n3), BFT, REA, WBSF0, WBSF7, and WBSF14, and IMF. We
tested all shear force phenotype measurements because of the need to improve
beef tenderness for Nelore cattle. The number of variants selected from the GWAS
procedure for the PO-GWAS analyses is described in Table 4.1, as well as their
minimum, average, and maximum effect (beta). All results are shown in

Supplementary Table 1.
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Table 4.1 — Description of variants selected from the preliminary GWAS analysis.

SNPs with P- Minimum Mean Maximum
Phenotypes
value <= 0.001 beta beta beta
Sodium
. 5354 -0.0259 0.0193 0.0698
concentration
Sum n3 5439 -0.0377 0.0211 0.0918
Sum Saturated FAs 6544 -0.7043 0.2229 0.8603
Sum
6535 -0.1221 0.0832 0.3036
Polyunsaturated FAs
WBSF14 5414 -0.2263 0.0502 0.4834
WBSF7 3495 -0.5060 0.0089 0.5435
WBSFO0 3855 -0.3993 -0.0580 0.3207
IMF 3619 -0.3735 0.1538 0.8776
BFT 5681 -0.6232 0.3257 1.1530
REA 4295 -2.0588 0.1790 3.3080

As the parent-of-origin effects depend on the parental allele, affecting
phenotype variation or gene expression, we also included our variants from the
allele-specific expression studies to test for the PO-GWAS model. Thus, our initial
variant set consisted of 105,573 SNPs, aggregating variants from the preliminary
GWAS analyses, ASE SNPs, DASE SNPs, aseQTLs, and cis-eQTLs (BRUSCADIN
et al., 2022a, 2022b)

The number of significant variants identified in the PO-GWAS analysis and a
brief description of the effect of these variants regarding the POIROT method
statistic are described in Table 4.2 and represented in Figure 4.2. Supplementary
Table 2 shows all variants identified in these analyses. The trait set that resulted in
the most significant number of parent-of-origin quantitative trait loci (PO-QTLS) was
the green cluster (PUFAs), with 1,188 significant SNPs (FDR < 0.05) and the most
prominent effect sizes. For the pink cluster, no variant passed our filtering criteria.

We checked for overlapping variants identified in more than one trait cluster, but no
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one overlapped at FDR < 0.05. This observation indicates that the identified PO-
QTLs are sensitive to the phenotypes selected in each group, meaning that this
methodology can identify parent-of-origin pleiotropic effects from multiple
phenotypes, but the results are still dependent on the phenotype set. We highlighted
the variants that resulted in the larger effects for each group in Table 4.2.
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Figure 4.2 - Manhattan Plots of PO-GWAS analyses according to each phenotype
set A) Black cluster (minerals); B) Red cluster (SFAs); C) Green cluster (PUFAS); D)
Blue cluster (MUFAs, BFT, REA); E) Turquoise cluster (WBSF and Ar); F) Pink
cluster (mixed phenotypes). The red line represents the FDR threshold of 0.05.
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Table 4.2 — PO-GWAS general statistics and top PO-QTLs information per trait

cluster
Number Min. Mean Max. . Tc?p T.op
Cluster of PO- Effect  Effect Effect Top variants variant variants
QTLs stats FDR
1,88E-
215 3,480 4,483 16,628 <chr25:38734790 16,628 10
chr12:78898059 10,413 4’970E7'
chr10:12161684
Black ,
chr10:12161859 1,00E-
, 9,354 06
chr10:12162267
chr10:12162271
chr23:8345433-
347 32,886 40,966 74,884 8350980 (9 74,884 0,021
Red SNPs)
chr21:68116251 72,613 0,021
chr4:59979528 64,420 0,021
117,73
1188 19,395 44,712 177,733 chrl10:73668411 3 0,004
Green chr2:21003969 163’91' 0,004
chr12:11299888 151’12 0,004
chr1:50513220,
40 4,897 5,089 5,862 ¢chr1:50513307, 5,862 0,044
chr1:50518601
Blue chr18:12939042
) 5,633 0,044
chr18:12950618
chr9:26116961 5,118 0,044
chr11:48653342
27 5,327 5,339 5,432 chr11:48663175 5,432 0,045
Turquoi )
se chr11:48664683
chr4:43164905-
43185686 (22 5,327 0,045

SNPs)
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Pink 0

We carried out the variant annotation of PO-QTLs in SNPEff (Figure 4.3A)
(CINGOLANI et al., 2012). Most variants are in introns, followed by intergenic and
downstream regions. Figure 4.3B shows the number of PO-QTLs identified by the
trait clusters and the proportion of their annotated effects. Regarding the annotations
for each trait cluster, PO-QTLs were primarily located in intronic regions, except for
the black (minerals) and turquoise clusters (WBSF and Ar), which mostly have
variants in intergenic regions. The blue cluster (MUFAs, BFT and REA) had the
lowest proportion of intergenic variants. Downstream variants were frequently found
in the PO-QTLs belonging to the green (PUFAS) and red (SFAs) clusters, and

upstream variants were only found in the black, red, and green groups.

4.4.2 Genes affected by POEs: Enrichment analysis showed biological processes
essential for the associated traits

We performed enrichment analyses of biological processes (BPs) with genes
containing PO-QTLs identified from each trait cluster (Supplementary Table 3). No
BPs were enriched at FDR < 0.05 for the black (minerals) and turquoise (WBSF and
Ar) groups.

Genes containing PO-QTLs from the red cluster (mostly SFAs) were enriched
for 74 BPs, most related to muscular contraction, ion transport, and cell size. The
most enriched BPs make sense for the PO-GWAS phenotypic set: FAs are known
to regulate ion channels (ORDWAY; SINGER; WALSH, 1991); SFAs were
suggested to be related to muscle loss in patients with rheumatoid arthritis (SEBE et
al., 2022) and vascular contraction in rats (VORN; YOO, 2019); adipose cells size
and number were correlated with a dietary increase of SFAs (GARAULET et al.,
2006).

PO-QTLs from the green cluster (PUFAs), have genes enriched for
Actomyosin Structure Organization (G0:0031032) and Striated Muscle Cell
Development (GO:0055002) processes. Omega-3 PUFAs were previously related
to muscle growth and repair (TACHTSIS; CAMERA; LACHAM-KAPLAN, 2018),

being its supplementation associated with increased muscle strength (RODACKI et
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al., 2012). The genes TMOD1 (Tropomodulin 1), LMOD1 (Leiomodin 1), MYOZ1
(Myozenin 1) and MYL9 (Myosin Light Chain 9) were enriched in both BPs.

For the blue cluster (MUFAs, BFT and REA), PO-QTLs are in genes enriched
for 52 BPs, such as protein ubiquitination, epidermal growth factor (EGF) signaling,
protein and mMRNA transport processes (Supplementary Table 3). Most FAs of the
blue clusters are derived from oleic acid, with an enhanced ubiquitination of a
membrane scavenger receptor called FAT/CD36 that helps muscles absorb long-
chain fatty acids (SMITH et al., 2008). The ubiquitin-proteasome system is a channel
for intracellular protein degradation that significantly impacts muscle atrophy (PANG
et al., 2023), which in turn can impact muscle growth as measured by the REA
phenotype. Oleic acid also activates the epithelial growth factor signaling pathway,
suggested as a target for this FA (VACARESSE et al., 1999).
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Figure 4.3 - PO-QTLs annotated effects. A) General annotation of all significant PO-
QTLs. B) Annotation of PO-QTLs per trait cluster.
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4.4.3 Consistent allele-specific methylation was observed in muscle of Nelore
animals

Methylation processing metrics are available in Supplementary Table 4. We
identified 8,074 ASM regions across all animals, ranging from 2,211 to 3,585 per
sample (Supplementary Table 5). Figure 4.4A (black marks) shows the chromosomic
distribution of ASM regions. We can see that these regions are well distributed
across chromosomes, often with increased density in the chromosome extremities.
Subtelomeric regions are typically rich in CpG islands, suggesting that the DNA
methylation in these regions may have a role in the telomere length (SCHOEFTNER,;
BLASCO, 2009).

The chromosome with the most significant number of ASM regions was
chromosome 19 (476 ASM regions), being the second chromosome with more
density of ASM regions, with 7,38291E-06 ASM regions/base pair. Chromosome 25
was the one with more markers per base pair, with 8,00197E-06 ASM regions/bp
and 354 ASM regions. In Figure 4.4A, we also plotted ASE SNPs obtained previously
(BRUSCADIN et al., 2022a) in yellow-colored intermediate-size bars, and the
identified PO-QTLs were plotted in the smallest bars, colored in blue. There is no
tendency for PO-QTLs to occur in regions containing ASE SNPs or ASM, but we can
visualize some regions with overlapping variant sets (chromosomes 5, 18, 21, 23,
28). It is possible to hypothesize that where ASE SNPs and ASM regions are located
nearby, there is evidence for the potential of ASM to control allelic expression at the

exact locations in the genome.
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Figure 4.4 — ASM Results. A) Allele-specific methylated (ASM)
regions across chromosomes. Black marks represent the genomic location of ASM
regions; yellow marks represent the distribution of allele-specific expression SNPs
(from Bruscadin et al., 2022a) and blue marks represent parent-of-origin QTLs for
any trait cluster. B) Representation of allele-specific methylated (ASM) regions
across samples. Blue color represents the presence of a given ASM region in a
sample and the white color represents the absence of this ASM in a sample. Sample
IDs are in the x-axis and ASM regions are in the y-axis. Dendrograms clustered

samples and ASM regions based on their similarity.

When grouping the overlapping ASM regions across all samples, we identified
7,812 unique (non-overlapping) clusters, with 269 ASM regions present in all
samples. Figure 4B shows the overlapping ASM regions across samples, where we
can observe that the ASM can be sample-specific (regions with a few blue color cells
across all samples) but also can be conserved across samples (blue color in all
samples).

Annotation identified that ASM is mainly distributed in promoter-TSS regions
(2,821), followed by 2,326 ASM regions located in intronic regions, 1,399 in exonic
regions, 1,264 in intergenic regions, and 259 in transcription termination sites. These
regions were predicted based on 5,664 genes (Supplementary Table 5). ASM
regions common in all samples are primarily located in promoter-TSS regions (129

from 269 common ASM regions).

4.4.4 Genes potentially affected by ASM and PO-QTLs can impact allelic
expression and genomic imprinting

ASM regions overlapped with 1,938 ASE genes and 171 DASE genes. In
general, we identified 139 genes from ASM regions overlapping with any imprinting
status except for “not imprinted,” 95 identified in humans, 60 in bovines, and 16 in
both species. Regarding the imprinting status, 85 overlapped genes were classified
as “imprinted,” 58 in bovines and 41 in humans. Four overlapping genes were found

in the ASM regions identified in all samples: CCDC71L (ASM in an exon) imprinted
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in humans, IGF2R (intron) classified as “Tissue-dependent” for bovines, LMX1B
(intron) and SALL1 (promoter) predicted in human. Our results show the importance
of studying the methylation level and allelic expression to understand the genomic
imprinting and allelic regulation, highlighting new candidates for imprinting in bovine.
Integration with imprinting genes is available in Supplementary Table 6.

PO-QTL annotated genes overlapped with 270 ASE genes and two imprinted
genes: C1S (imprinted in bovine) and RASGRFL1 (imprinted in humans). This result
indicates that ASM has a greater impact on genomic imprinting and can be more
informative when integrated with ASE than PO-QTLs, which potentially show less

direct association with gene expression.

4.4.5 Transcription factor and miRNA motifs are potentially modified by PO-QTLs
and ASM

In the TF motifs screening, we identified 122 TFs affecting 2,770 ASM regions
(Supplementary Table 7). We identified 111 enriched BPs, mostly related to
regulation of transcription by RNA polymerase Il, regulation of DNA-templated
Transcription, and similar processes expected for TFs; moreover, some specific
processes were identified as regulation of cell differentiation and proliferation,
nervous system development-related processes, regulation of miRNA metabolic
process and transcription, and regulation of apoptosis, for example. The ASM region
that was more often predicted to have TF motifs was chr23:42944983-42945460
(430 occurrences corresponding to 62 TFs), followed by chr17:72068021-72068256
and chr21:22397478-22398043. The most common TFs were PATZ1 (6,179 motifs),
ZBEDA4 (5027 motifs) and ZNF93 (4,857 motifs). We could observe that chromosome
13 has multiple motifs of ZNF93 and PATZ1 TFs, affecting MMP24, RIMS4, and
ISM1 genes.

Moreover, 45 TFBSs were predicted for 36 sequences extracted from PO-
QTLs. Sequences around PO-QTLs from chromosome 24 were the most common
regions affected by TFBSs. The region between positions 56816986 and 56825913
of chromosome 24 has predicted motifs for ZNF281, NKX2-2, PRDM9, Wtl1, PGR,
KLF4, ZIC1, ZIC4, Tcf21l, ZNF684, RREB1, and ZFP14. The PO-QTL within this

region was identified for the red cluster of traits (SFAs) and was predicted in the
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upstream region of FECH (ferrochelatase) gene. FA supplementation can impact the
activity of hepatic ferrochelatase (KOOLS et al., 1989). Another PO-QTL on
chromosome 24 is located in an upstream region of the U6 (U6 spliceosomal RNA)
gene that had a predicted motif ZNF547.

We also test the putative presence of miRNA binding sites in the ASM and
PO-QTL regions (Supplementary Table 8). We identified motifs for 75 miRNAs in
121 unique ASM regions, with Bta-Mir-760_3p the most common miRNA with 18
occurrences, followed by Bta-Mir-1343_3p (17) and Bta-Mir-296_3p (12). The
sequences that were predicted to have more mIiRNA binding sites were
chrl5:46454047-46454168, in the transcription termination site (TTS) of the TAF10
gene, and chr5:27142582-27142647 (TTS of the KRT3 gene).

The PO-QTLs regions showed predicted binding sites for 91 miRNAs for 83
unique PO-QTLs. The most common miRNA was Bta-Mir-423_5p, identified for five
PO-QTLs, and Bta-Mir-154-P2-v2_5p and Bta-Mir-744_5p, identified for four O-
QTLs. The PO-QTL within the region chrl6:80577514 (at the downstream region of
the LMOD1 gene) has 12 predicted miRNA binding sites.

4.4.6 Data integration revealed regions potentially linked to phenotypic variance and

genomic imprinting

We joined all our findings in a single table (Supplementary Table 9) to help
highlight the most relevant SNPs or regions according to their regulatory potential.

We identified multiple PO-QTLs with regulatory evidence, such as
chrl1:69714613, identified for the red cluster (SFAS). This PO-QTL is a synonymous
variant of YPELS5 gene and was previously identified as an ASE SNP, cis-eQTL and
showed differential ASE for the C18:0 fatty acid trait. chr22:37470306 is a PO-QTL
for the green cluster (PUFAS), located in the ATXN7 gene that was previously
identified as an ASE SNP, cis-eQTL, and predicted to impact a motif for the Bta-Mir-
122 _5p miRNA. We found three variants upstream to the CLPX gene that were
identified as PO-QTLs of the black cluster (minerals) that impact TFs:
chr10:12161859 (ZNF213); chr10:12162267 and chr10:12162271 (Irf1). Some PO-
QTLs also overlapped with QTLs of similar phenotypes, as six PO-QTLs (Red —SFAs
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group) within an intergenic region of the RASGRF1 gene between chr21:27918693
- ¢chr21:27920870 also identified as QTLs for sum of saturated fatty acids
concentration. RASGRF1 is an imprinted gene in humans. Four PO-QTLs within the
downstream region of VIRMA gene (chr14:69846651 - chr14:69849759) are located
in binding sites of three miRNAs: Bta-Mir-103-P2_3p, Bta-Mir-103-P1_3p, Bta-Mir-
103-P4_3p; these PO-QTLs were identified for the green (PUFASs) cluster and
overlapped QTLs for sum of saturated FAs. chr28:30677287 is a PO-QTL of the
green (PUFAS) group, an upstream variant of the gene (miRNA) bta-miR-584-3,
potentially located in a motif for the PRDM9 TF and overlapping a QTL for the sum
of saturated FAs.

Several ASM regions showed interesting evidence. Some well-known
imprinted genes in human and bovine genomes were identified with ASM regions in
the promoter, such as GNAS, PEGS3, DIO3, CDKN1C, and MEST. A total of 56 ASM
regions were predicted to affect motifs for TFs and impact imprinted genes, such as
the ASM chr21:65468776-65468934, which was predicted to affect multiple TFs
binding sites and is located in the promoter-TSS region of the BEGAIN gene,
imprinted in bovine; however, this gene is very low expressed in our muscle samples,
probably due to the tissue-specific characteristic of the genomic imprinting (BABAK
et al., 2015; BARAN et al., 2015). PMM2 is also imprinted in bovine and has an ASM
(chr25:7652863-7652934) in its promoter region also predicted to affect TFs motifs.
In addition, 57 ASM regions were annotated for genes imprinted in the bovine
genome, and 39 ASM regions were annotated for genes imprinted only in humans.
chrl9:37949212-37949275 ASM region was the only one to impact miRNA binding
sites (Bta-Mir-430-P1_3p, Bta-Mir-430-P4_3p, and Bta-Mir-430-P3_3p), being
located in the TTS of the HOXB2 gene, predicted as imprinted in human.

Interesting results were found for ASM regions present in all samples, helping
to draft some new candidates for imprinting in bovine for further validation.
9 96222062-96223057 is an ASM region present in all samples, being located in an
intronic region of the IGF2R gene, that has tissue-dependent imprinting in bovine
genomes and conflicting data for human; IGF2R showed an ASE SNP

(chr9_96287564) with monoallelic expression favoring the reference allele in all
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samples that have the mutation and this gene expressed (69/101 samples)
(BRUSCADIN et al., 2022a) (Supplementary table 10).

18 19561422-19561497 is in the promoter-TSS region of the SALL1 gene,
showed multiple TFBSs, and the gene was predicted as imprinted in
humans.17:72068021-72068256, 21:22397478-22398043 and 21:22397478-
22398043, also have predicted TFBS. Of the 269 ASMs common in all samples, 111
are annotated in genes with ASE SNPs showing monoallelic expression in more than
80% of the samples from our previous study (BRUSCADIN et al., 2022a), 53 in the
promoter-TSS region, 46 in intronic regions, 27 inexonsand 1ina TTS.

4.5 Conclusion

By identifying unique phenotypic clusters with clearly defined biological
characteristics, our work provides information about the genetic background of these
Nelore cattle phenotypes. The green cluster (PUFAS) had the most significant results
and the largest impact sizes of PO-QTLs across the trait clusters. The lack of
overlapping PO-QTLs between clusters is a relevant observation since it shows how
sensitive these loci are to the particular traits under study, indicating the importance
of this employed methodology in detecting parent-of-origin pleiotropic effects.

Our results provide additional insights by combining ASE and ASM. With the
overlap of multiple known or putative imprinted genes in the human and bovine
genomes, jointly with the discovered ASM regions primarily found in promoter-TSS
regions, further highlighted their possible function in modulating gene expression
and genomic imprinting.

Our annotation and enrichment analyses identified biological processes
related to ion transport, fatty acid metabolism, and muscle growth. The complexity
of the regulatory mechanisms influencing ASM and PO-QTL loci is highlighted by
the discovery of TFBSs and miRNA motifs in these regions.

Collectively, these findings contribute to our knowledge of the genetic and
epigenetic processes that underlie economically significant bovine traits. To improve
breeding programs aimed at achieving desired phenotypes, future research should
concentrate on confirming these findings from in vitro experiments, and investigating

the functional consequences of identified regulatory regions.
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5 GENERAL CONCLUSIONS

Through this doctorate, thousands of new variants were identified as
candidates to regulate gene expression and phenotypic variance in Nelore muscle.
These are the first studies to identify aseQTLs, DASE SNPs, PO-QTLs, and ASMs
in B. indicus muscle.

By analyzing ASE data from 190 Nelore animals using a dense imputation
data, we generated the largest dataset of ASE SNPs for this tissue in cattle. This
approach proved to be a powerful tool for identifying putative cis-regulatory variants,
as we could obtain aseQTLs and cis-eQTLs with evidence to be regulated by
multiple regulatory mechanisms. These variants showed evidence to affect genes
functionally related to proteasomal proteolysis, apoptosis, and autophagy, pathways
that can impact the tenderization process in the post mortem muscle.

Identifying DASE SNPs also leveraged evidence of variants in regions of
allelic imbalance affecting muscle phenotypes. Although being very conservative,
this analysis showed to be a very useful one-step approach to searching for SNPs
that can directly affect gene expression and phenotypic variance. From the DASE
genes, we were able to identify co-expression modules related to processes such
as muscle growth and protein ubiquitination, drafting hypotheses of the dynamics of
apoptosis in meat tenderness.

PO-QTLs provide new evidence of how parent-of-origin effects influence beef
phenotypes. By integrating ASE and ASM data, and observing consistent ASM
patterns across all tested samples, we highlighted the overlap of known imprinted
genes within ASM regions located in promoters, also suggesting novel imprinting
candidates in cattle. The regulatory potential of PO-QTLs and ASM regions was
further demonstrated through the prediction of TF and miRNA motifs.

In summary, our work provides a comprehensive list of potentially regulatory
regions associated with bovine muscle processes. These regions represent
promising candidates for experimental validation and future studies aimed at
improving meat quality traits in Bos indicus through the modulation of regulatory

dynamics.
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6 ONGOING RESEARCH AND MANUSCRIPTS IN PREPARATION
Despite the presented papers aligning with the objectives of the proposed

PhD project, we also collaborated on other projects, whose related manuscripts are
still in preparation.

During a one-year internship abroad at the University of California, Davis, CA,
USA (UC Davis), we actively contributed to multiple data analyses for the Bovine
FAANG project—an international consortium focused on identifying functional
elements across various bovine tissues. The first manuscript from this initiative is
currently under development. Briefly, for this paper, we processed multi-tissue RNA-
seq and WGBS data, evaluated the tissue specificity of gene expression and
methylation profiles, and predicted regulatory elements using ATAC-seq and ChIP-
seq data from the same samples. These findings will significantly enhance our
understanding of regulatory elements in bovine genomes and are expected to have
a substantial impact in this field. Given the involvement of multiple international
institutions in this manuscript, we have agreed not to include the results in the thesis
to avoid potential conflicts and to prioritize the publication of this paper in a high-
impact journal, emphasizing its novelty. However, we have included three abstracts
summarizing the results of this study, which were presented at the Plant and Animal
Genomes Conference (PAG 31) in January 2024, as shown in Attachment 1.

Additionally, as another outcome of the internship abroad, we expect to
produce a highly impactful publication linked to the Bovine FAANG project,
presenting the largest catalog of methylation QTLs (meQTLS) in bovine genomes.
This study is based on the processing of more than 1,400 publicly available
methylomes (RRBS and WGBS). The analysis is ongoing, and Jennifer will be the
first author of this future publication.

This thesis is part of the Thematic Project “O Hologenoma de Nelore:
implicacbes na qualidade de carne e em eficiéncia alimentar” (FAPESP number
2019/04089-2). An additional project conducted within the Thematic Project led to
the development of a tool that processes metagenomes to identify host miRNAs (i.e.,
bovine) with binding affinity to motifs from their microbiota. The software is available

on Jennifer's GitHub (https://github.com/JBruscadin/HolomiRA), and the manuscript
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Is currently under coauthor review in preparation for publication. Jennifer is the first

author of this publication, which is available in Attachment 2.
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ATTACHMENT 1
Title: “Analysis of Multi-Tissue Bovine Epigenomes Uncovers the Tissue-
Specific Mechanisms Underlying Gene Expression “

Presented as panel by Jennifer Bruscadin on PAG 31
Avalilable at: https://pag.confex.com/pag/31/meetingapp.cgi/Paper/52930
Authors and Institutions:

Jennifer Jessica Bruscadin®?, Dailu Guan?!, Claire Prowse-Wilkins!, Xiaoqin
(Shally) Xu!, Bruna Petry3, Wenjing Yang?', Ying Wang?, Gonzalo Rincon?!, Sarah
Corum#, Honglin Jiang®, Brenda M. Murdoch®, Stephanie McKay’, Monique
Rijnkels®, Clare A. Gill®, Timothy Smith®, Zhihua Jiang'®, Wansheng Liu'!, James E.
Koltes3, James M. Reecy?, Juan F. Medrano?!, Pablo Juan Ross'?, Luciana C.A.
Regitano®® and Huaijun Zhou?'?, (1)Department of Animal Science, University of
California, Davis, CA, (2)Center of Biological and Health Sciences, Federal
University of S&o Carlos, Séo Carlos, SP, Brazil, (3)Department of Animal Science,
lowa State University, Ames, IA, (4)Zoetis, Kalamazoo, CA, (5)Department of Animal
and Poultry Sciences, VirginiaTech, Blacksburg, VA, (6)University of ldaho,
Moscow, ID, (7)University of Missouri, Columbia, MO, (8)Texas A&M University,
College Station, TX, (9)USDA, ARS, Clay Center, NE, (10)Washington State
University, Pullman, WA, (11)Department of Animal Science, Penn State University,
University Park, PA, (12)Department of Animal Science, University of California,

Davis, Davis, CA, (13)Embrapa Southeast Livestock, Sado Carlos, SP, Brazil

Abstract

Bovine FAANG (Functional Annotation of Animal Genomes) is an international effort
to functionally annotate regulatory elements in cattle. Multi-omics data integration
identifies regulatory patterns as active enhancers and promoter methylation, helping
to identify causal variants responsible for complex traits for precise genomic
predictions. As part of this project, this work aimed to understand the tissue-specific

mechanisms of gene regulation through a comprehensive and integrated analysis of
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multi-omics data from various bovine tissues and cells in different biological states.
We harmonized and analyzed 478 Bos taurus datasets encompassing 55 tissues
and two development stages: H3K27ac ChIP-seq data (138 samples), ATAC-seq
data (91), RNA-seq data (158) and WGBS data (91). All alignment procedures were
performed according to best-practices standards used in previous FAANG
publications against the ARS-UCD1.2 reference genome. From transcripts per
million (TPM)-normalized gene counts, we analyzed the tissue-specificity of gene
expression using the Z-score method with the cut-off value greater than 0.8 (ranging
from O to 1). For each tissue and the respective tissue-specific genes (TSGs), gene
ontology biological process (BP) enrichment analyses were obtained using the
enrichR package. To identify potential tissue-specific enhancer regulation, we
applied the Activity-By-Contact model from the TPM gene counts, alignment and
peak files from H3K27ac and ATAC-seq data. To increase the accuracy of
predictions, we only kept enhancers overlapping predicted enhancer states and
affecting TSGs. We identified 14,909 TSGs from six fetal tissues that enriched for
1,326 different BPs, and 11,573 genes were specifically expressed for 23 adult
tissues and enriched for 1,771 BPs. Testis and lung were the tissues with more TSGs
in adult and fetal samples, respectively, followed by brain tissue for both
development stages. 3,626 BPs were enriched from TSGs, ranging from 3 for thyroid
tissue to 602 for fetal lung. We identified 44,070 target gene-enhancer links between
6,786 TSGs and 31,503 enhancers from 23 tissues. Fetal brain showed the largest
number of TSGs identified as target genes potentially affected by enhancer
regulation (2,045). The enhancer with the strongest interaction score was predicted
in a hypothalamus sample for the ENSBTAGO00000049135 (novel) TSG.
Additionally, whole genome bisulfite sequencing (WGBS) data were used to identify
differentially methylated regions (DMRs) between tissues using the software wgbs-
tools (FDR < 0.05). We identified 208,665 differentially methylated regions (DMRs)
across tissues, with 3,370 located up to 200 bp from the transcription start site of
TSGs. Thus, the methylation profile was linked to tissue-specific gene expression,
which could potentially affect BPs that are relevant to the functions of the tissue.

Further analysis will determine the co-regulation between DNA methylation, gene
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expression and chromatin states and explore the potential effect of epigenetic
regulation regarding biological functions and complex trait architecture. This work
will integrate information about the regulatory landscape of bovine tissues, helping

identify potential causative variants for genetic improvement in cattle.

Title: “Epigenomic Regulation of Gene Transcription across Tissues at

Different Developmental Stages “

Orally presented by Dr. Huajun Zhou (Workshop: Functional Annotations of Animal
Genomes (FAANG) on PAG 31)

Avalilable at: https://pag.confex.com/pag/31/meetingapp.cgi/Paper/52743
Authors and Institutions:

Huaijun Zhou?, Dailu Guan?, Claire Prowse-Wilkins2, Jennifer Bruscadin*, Brenda
M. Murdoch®, Honglin Jiang® James E. Koltes’, Monique Rijnkels®, Pablo Juan
Ross?#, Sarah Corum?®, Timothy Smith1%, Wansheng Liu'!, Zhihua Jiang'?, Clare A.
Gill*® and Stephanie Mckay!4, (1)Department of Animal Science, University of
California, Davis, Davis, CA, (2)Department of Animal Science, University of
California Davis, Davis, CA, (3)Department of Animal Science, University of
California, Davis, CA, (4)University of California Davis, Davis, CA, (5)University of
Idaho, Moscow, ID, (6)Department of Animal and Poultry Sciences, VirginiaTech,
Blacksburg, VA, (7)lowa State University, Ames, IA, (8)Texas A&M University,
College Station, TX, (9)Zoetis, Kalamazoo, CA, (10)USDA, ARS, Clay Center, NE,
(11)Department of Animal Science, Penn State University, University Park, PA,
(12)Washington State University, Pullman, WA, (13)Department of Animal Science,
Texas A&M University, College Station, TX, (14)University of Missouri, Columbia,
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Abstract

A comprehensive annotation of the genome enables us to better understand the
mechanism of gene regulation and the genetic architecture of phenotypic traits. To
achieve this, we embarked on the annotation of the bovine genome, utilizing a total
of 794 newly generated datasets in combination with 353 publicly available datasets.
There datasets were sampled from 41 adult tissues, 8 fetal tissues, and 6 primary
cell lines, including epigenomic histone marks, (H3K4mel (142), H3K4me3 (142),
H3K27ac (138), H3K27me3 (132), H3K36me3 (59), H3K9me3 (68), CTCF (138)),
DNA methylation (91); ATAC-seq (116), and RNA-Seq (158). The uniform data
preprocessing and subsequent modeling using ChromHMM enabled us to annotate
10 distinct chromatin states (designated as E1-E10), which accounts for ~4.6% of
the bovine genome, based on four core histone marks (H3K4mel, H3K4me3,
H3K27ac, H3K27me3) that were generated in 125 bovine epigenomes
simultaneously. As expected, promoter-like states exhibited a higher enrichment
around transcription start sites, while enhancers did not. Through a detailed
comparison between fetal and the corresponding adult tissues, we were able to
detect thousands of development stage-specific regulatory elements, shedding light
on potential explanations for variations in gene expression. Similar analyses have
been conducted between primary cell lines and bulk tissues. In our ongoing
exploration of the contribution of regulatory elements to complex traits, we clustered
genome-wide enhancers into 150 distinct modules based on their enhancer activity.
Our next phase will focus on investigating the involvement of these enhancer
modules in the roles of bovine complex traits. Collectively, our results demonstrated
the crucial role of epigenomic information in unraveling the mechanisms of gene
regulation, cellular differentiation, tissue development, and the genetics of complex

traits in the bovine species.
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Title: “Integrative Annotation of the Bovine Genome*

Presented as panel by Dailu Guan on PAG 31.
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Authors and Institutions:
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Columbia, MO, (11)Texas A&M University, College Station, TX, (12)USDA, ARS,
Clay Center, NE, (13)Washington State University, Pullman, WA, (14)Department of
Animal Science, Penn State University, University Park, PA, (15)Department of

Animal Science, University of California, Davis, Davis, CA
Abstract

A comprehensive annotation of the genome enables us to better understand the
mechanism of gene regulation and the genetic architecture of phenotypic traits. To
achieve this, we embarked on the annotation of the bovine genome, utilizing a total
of 794 newly generated datasets in combination with 353 publicly available datasets.
There datasets were sampled from 41 adult tissues, 8 fetal tissues, and 6 primary
cell lines, including epigenomic histone marks, (H3K4mel (142), H3K4me3 (142),
H3K27ac (138), H3K27me3 (132), H3K36me3 (59), H3K9me3 (68), CTCF (138)),
DNA methylation (91); ATAC-seq (116), and RNA-Seq (158). The uniform data
preprocessing and subsequent modeling using ChromHMM enabled us to annotate
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10 distinct chromatin states (designated as E1-E10), which accounts for ~4.6% of
the bovine genome, based on four core histone marks (H3K4mel, H3K4me3,
H3K27ac, H3K27me3) that were generated in 125 bovine epigenomes
simultaneously. As expected, promoter-like states exhibited a higher enrichment
around transcription start sites, while enhancers did not. Through a detailed
comparison between fetal and the corresponding adult tissues, we were able to
detect thousands of development stage-specific regulatory elements, shedding light
on potential explanations for variations in gene expression. Similar analyses have
been conducted between primary cell lines and bulk tissues. In our ongoing
exploration of the contribution of regulatory elements to complex traits, we clustered
genome-wide enhancers into 150 distinct modules based on their enhancer activity.
Our next phase will focus on investigating the involvement of these enhancer
modules in the roles of bovine complex traits. Collectively, our results demonstrated
the crucial role of epigenomic information in unraveling the mechanisms of gene
regulation, cellular differentiation, tissue development, and the genetics of complex

traits in the bovine species.
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Alexander Colmenarez Pena?, Thanny Porto'?, Priscila Silva Neubern de
Oliveira'?, Bruno Gabriel Andrade Nascimento®, Adhemar Zerlotini4, Luciana
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L Center of Biological and Health Sciences, Federal University of Sdo Carlos, Sdo
Carlos, Sao Paulo, Brazil;

2 Embrapa Southeastern Livestock , Sdo Carlos, Sédo Paulo, Brazil;

3 Munster Technological University, Ireland;

4 Embrapa Digital Agriculture , Campinas, Sdo Paulo, Brazil

TThese authors contributed equally to this work

Abstract

Small RNAs (sRNAs), such as microRNAs (miRNAs), are candidates to mediate
communication between the host and its microbiota, regulating bacterial gene
expression and influencing microbiome functions and dynamics. Here, we present
HolomiRA (Holobiome miRNA Affinity Predictor), a computational pipeline
developed to predict binding motifs for host miRNAs in genomes of microbiomes.
HolomiRA operates within a Snakemake workflow, processing microbial genomic
sequences in FASTA format by using freely available bioinformatics software along
with built-in data processing methods. The pipeline first annotates protein-coding
sequences from the microbial genomes using Prokka, then identifies candidate
regions and tests these regions for potential host miRNA binding sites with
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RNAHybrid. The predicted results that meet the quality filter parameters are
summarized and then used to perform a functional analysis of the affected genes
using SUPER-FOCUS and DIAMOND. In this paper, we demonstrate the use of the
HolomiRA pipeline by applying it to publicly available metagenome-assembled
genomes obtained from human feces, as well as from cattle feces and rumen
microbiomes. This approach enabled the determination of bacterial genes and
biological pathways within microbiomes that could be influenced by host miRNAs,
as well as the identification of shared or unique miRNAs, genes, and taxonomies
across phenotypes, environments, or host species. HolomiRA is a practical and
user-friendly pipeline that facilitates studies of miRNA prediction in prokaryotic
genomes, shedding light on the communication between microbiota and host cells
mediated by miRNA regulation. HolomiRA is publicly available on GitHub:
https://github.com/JBruscadin/HolomiRA.



141

1 Introduction

MicroRNAs (miRNAs), non-coding RNAs that post-transcriptionally regulate
gene expression in eukaryotes (Gebert et al. 2019), have recently been recognized
as essential genetic regulators in mediating communication between the host and
its microbiota (Ricci et al. 2022). Through extracellular vesicles (EVs), miRNAs can
be transferred between cells, constituting an important mode of communication with
the potential to modulate microbial communities and host-microbe interactions
(Tsatsaronis, et al., 2018).

In humans, fecal miRNAs are imbalance indicators at the host-microbe
interface (Moloney et al., 2018). They may operate indirectly on the host-microbiota
interaction by repressing the translation of gene transcripts targeted by specific
MiRNAs, thereby influencing the microbial community (Goodrich et al., 2014), and/or
enter bacterial cells through endocytosis, specifically regulating bacterial gene
transcripts, affecting bacterial growth (Liu et al., 2016).

In eukaryotes, gene regulation mediated by miRNAs generally occurs through
complementary binding between their seed region, located between the second to
the seventh nucleotide of the miRNA, and regions of the target MRNASs called miRNA
recognition elements (MREs) (O'Brien et al. 2018). In addition to this interaction,
pairing a region called “supplemental” at the 3'-UTR end of the miRNA makes
binding to the target more specific and stable (O'Brien et al. 2018). In prokaryotes,
the translation of specific MRNAs is partially controlled by sRNAs (small RNAS),
which pair antisense to mMRNASs near ribosome binding sites (RBS) (Desnoyers et al.
2013). These sequences can extend from twenty nucleotides upstream to fifteen
nucleotides downstream of the first nucleotide of the translation initiation codon
(Desnoyers et al. 2013). By pairing with mRNA, sRNAs prevent the binding of the
30S ribosomal subunit to the RBS region, promoting translation repression and
degradation of the target mMRNA (Ahmed et al. 2016). However, the mechanisms of

mMiRNA regulation in prokaryotic genomes are not fully described.
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The identification of putative MREs can be carried out by software such as
the widely used RNAHybrid (Kruger et al., 2006), which predicts microRNA targets
based on minimum free energy hybridization of a long and a short RNA. RNAHybrid
finds the energetically most favorable hybridization sites of a small RNA in a large
RNA (Rehmsmeier et. al, 2004). As this software can be highly customizable for
different study purposes, the user can define multiple parameters applied to any
target mMRNA and miRNA sequences available, not only in model organisms, making
it possible to analyze host miRNAs affecting the prokaryotic genomes of the
microbiome.

Therefore, aiming to expand our understanding of the functional role of
mMiRNAs in the host-microbiome communication, we developed a pipeline to predict
motifs for host miRNAs in genomes from their microbiota, which can be applied to
any prokaryotic genome. Holobiome miRNA Affinity Predictor (HolomiRA) uses
publicly available tools for sequence annotation, miRNA motif prediction and
enrichment analysis. Each bioinformatics software integrated in HolomiRA is fine-
tuned for the target prokaryotic genomes. Our pipeline is the first one able to test the
interaction between host miRNAs and their microbiome and can greatly contribute

to the knowledge of the host regulatory interaction on the activity of the microbiome.

2 Methods
2.1 HolomiRA pipeline

HolomiRA provides an accessible and user-friendly pipeline for searching
host miRNA binding sites within microbial genomes, based on the growing evidence
on the regulation of microbiota by sRNAs. The workflow automates the installation
and configuration of the correct software versions across different computational
systems. This approach mitigates potential version conflicts and enhances usability,
making it accessible for those new to sequence analysis.

In the following subsections, we describe all procedure steps of the pipeline,

which are performed with a single command line in HolomiRA.
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Figure 1 — Schematic representation of HolomiRA pipeline; CDS = Coding
Sequence Stands; MFE = Minimum Free Energy. The “Genomes.fa” entry can be

any prokaryotic genome.

Step 1 — Predict coding sequences from microbial genomes

HolomiRA expects genomic DNA sequences in FASTA format as input.
These sequences are annotated using Prokka (SEEMANN, 2014), which first
identifies the coordinates of protein-coding genes using Prodigal (HYATT et al.,
2010), and subsequently then compares these sequences to various public

databases to obtain the most accurate and reliable annotation of the given protein.
Step 2 - Select candidate target regions

The annotated coding sequences (CDS) are extracted from the annotation
files (.gtf extension) generated by Prokka. The coordinate of the most 5’ nucleotides
from each CDS region is considered to draft the genomic window that delimits the

candidate regions for miRNA-binding sites screening (Figure 1). For this, users must
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choose the appropriate upstream and downstream base pairs around the CDS start
site based on their previous knowledge of the biological model. If the selected start
coordinates fall outside the borders of any contig, this start coordinate is changed to
zero for this given sequence. Subsequently, candidate sequences are retrieved by
filtering the genomes by the selected coordinates to be used for miRNA-binding site

prediction.
Step 3 — Search for host miRNAs binding sites in the candidate regions

This step relies on the software RNAHybrid (KRUGER; REHMSMEIER,
2006). It identifies the most energetically favorable hybridization sites of a small RNA
in a large genomic section, avoiding pairings within the miRNA sequence or within
target nucleotides (KRUGER; REHMSMEIER, 2006). This step is carried out by
using as input the candidate CDS sequences obtained in step 2 and the sequences
of the host miRNAs, which can be obtained from public databases such as miRDB
(CHEN; WANG, 2020), miRbase (KOZOMARA; BIRGAOANU; GRIFFITHS-JONES,
2019), and MirGeneDB (FROMM et al., 2022). The user must include in the
configuration file the parameters for filtering results, such as the p-value threshold
and the minimum free energy (MFE) cut-offs. Optional parameters are encouraged
to be included to establish the starting position and length of the miRNA seed region
that must match the DNA binding region (refer to the RNAHybrid documentation for

more information).
Step 4 — Get summarized metrics and plots from the results

HolomiRA creates different outputs to better organize and improve the
visualization of results from the predicted host miRNA binding sites provided by the
previous step. The output tables show all results, a table summarized by miRNA and
a table summarized by genome. HolomiRA will generate bar plots with the top-
ranked miRNAs by microbial genome and by target genes and the top-ranked
microbial genome regarding the identified number of interacting miRNAs and target

genes.
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Step 5 — Functional Enrichment analysis

Finally, a functional analysis is performed, considering the genes affected by
each miRNA and within each affected genome. To achieve this, Holomira utilizes the
SUPER-FOCUS (SILVA et al., 2016) software.

Step 6 - Comparative analysis

The pipeline runs an additional analysis by comparing the results between
different groups, such as phenotypes, case-control groups, or environments within
the same species. Venn diagrams will be generated automatically to visualize the
overlap of taxa, genes, and miRNAs between the separate sample groups analyzed
with HolomiRA, as well as to compare enrichment analysis results. The user can

define the groups directly in the configuration file.
Additional Step - Comparative analysis between different results sets

Additional scripts are made available to allow comparisons between different
species, by comparing results obtained from independent HolomiRA analyses.

2.3 Usage

HolomiRA parameters are set in a configuration file. Its elements are: (1) the
path for the microbial genomes' directory, (2) the output directory specification, (3) a
file containing the sample list, (4) integer values of upstream and downstream base
pairs flanking the CDS start position to indicate the candidate target region, (5) host
mMiRNA sequences file path, (6) the parameters for the miRNA hybridization sites
(seed position and length, MFE, and p-value thresholds), and (7) an additional file
containing information about the microbial genomes, including their taxonomic
classification and the environment they were collected (i.e., any metadata as tissue
type, species, phenotype, etc.).

After customizing the configuration file, just one command line is needed to
run all steps of the pipeline: snakemake -s Snakefile --use-conda [...]. The results
are displayed in one output and summarized in two different tables based on the
mMiRNAs or the taxonomy features of the genomes. All HolomiRA'’s documentation

and source code are publicly available at https://github.com/JBruscadin/HolomiRA.
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2.4 Real data

We evaluated HolomiRA wusing two publicly available datasets of
metagenome-assembled genomes (MAGSs) derived from human feces (FORSTER
et al., 2019) and cattle feces and ruminal content (XIE et al., 2021). The human feces
dataset contained 39,913 high-quality MAGs, while the ruminant dataset comprised
10,000 high-quality MAGs. To reduce redundancy and optimize analysis time, we
filtered the datasets to remove redundant MAGs at the species level and at the
genus level for those classified only to the genus. After filtering, we obtained and
analyzed 184 MAGs from the human feces, and 293 and 336 MAGs from the cattle
feces and ruminal content, respectively. The complete human feces MAG dataset is
available at ftp://ftp.ebi.ac.uk/pub/databases/metagenomics/hgg_mags.tar.gz
(FORSTER et al., 2019), and the complete cattle gastrointestinal MAG dataset is
accessible through the European Nucleotide Archive (ENA) database, project
PRJINA657473 (XIE et al., 2021).

We downloaded human and bovine miRNAs sequences from the MirGeneDB
database (FROMM et al., 2022), which contains manually curated and validated
mMiRNAs genes. In total, 630 human miRNAs and 481 bovine miRNAs sequences
were used in our analyses. We ran the analysis in all selected samples using the
following parameters: 15 as the upstream base pairs, 20 as the downstream base
pairs, seed region starting from the second nucleotide with eight bases length, -18
as the maximal MFE, and 0.01 as the p-value threshold. The analyses were run for

each host using only procedures implemented by the HolomiRA workflow.

3. Outputs

3.1. General outputs

Different outputs and plots were generated to summarize the results found.
HolomiRA allowed us to identify which miRNAs can hybridize with bacterial CDS
sequences, as well as to identify which genes are being affected. The outputs also
include results from Venn diagram analyses, which help identify miRNAs, genes,

and taxonomies shared across or unique to each category group, grouped by


https://scholar.google.es/citations?view_op=view_citation&hl=es&user=wl4f6DkAAAAJ&citation_for_view=wl4f6DkAAAAJ:8k81kl-MbHgC
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phenotype or environment defined by the user. Additionally, they provide information
on the biological pathways influenced by each miRNA and highlight the pathways

affected within each genome.

In our test dataset, it was possible to identify that 476 and 466 miRNAs are
putative candidates for binding with 3,841 and 4,078 bacterial genes in cattle rumen
and feces, respectively (Figure 2). In addition, it is possible to identify which miRNAs
are impacting the largest number of genomes (Figure 3), as well as how many and
on which genes.
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Figure 2 - Count of unique features from the predicted interactions of miRNA-
microbiome in cattle, according to HolomiRA.

When more than one category group from the same host species is
investigated, the pipeline also identifies lists of candidates that impact only one of
the groups (Figure 4). In our example, 12 miRNAs were predicted to impact only
MAGs from rumen, while 2 miRNAs are exclusive from feces. The SUPER-FOCUS
program, incorporated into our pipeline, provides the user with access to information

on different levels of pathways and affected biological functions.
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Figure 3 - Top20 features found in Rumen based on number of results. (A) Top20
mMiRNAs based on the number of MAGs with the related motif; (B) Top 20 miRNAs

based on the number of affected target genes; (C) Top20 MAGs based on the
number of mMiIRNAs with predicted motifs; and (D) Top20 MAGs based on the
number of target genes with predicted miRNA motifs.
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Venn Diagrams for miRNA, Gene, and Taxonomy
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Figure 4. Venn diagrams illustrating shared and unique miRNAs, genes, and
taxonomies across different sample groups of the same species. Overlapping
regions represent common elements, while non-overlapping areas highlight specific

features unique to each condition.

3.2. Optional outputs

To facilitate visualization of the biological processes associated with the
genes potentially affected by miRNAs, supplementary scripts are provided as an
attachment to the HolomiRA pipeline. These scripts allow users to perform functional
analyses of biological datasets and generate plots highlighting the most abundant

functions, based on user-defined thresholds (Figure 5).
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Figure 5 - The most abundant functions among the predicted targets of cattle miRNA
in the microbiome. grouped by level 1 of the SUPER-FOCUS from the following
biological datasets: (A) Bovine - MAGs from feces, (B) Bovine - fecal miRNA, (C)

Human - MAGs from feces, and (D) Human - fecal miRNA.

Furthermore, when different sample groups are provided, even from different
species, scripts were designed to perform comparative statistical analysis between
two datasets, specifically focusing on the comparison of functional abundances. The
script filters functions based on user-defined abundance and prevalence thresholds,
checks for common functions between datasets, and performs statistical tests
(Wilcoxon rank-sum) to identify significantly different functions between the groups.
For example, in Figure 6, we performed a comparative analysis between the
functions, grouped by SUPER-FOCUS level 2, of genes affected by each miRNA
obtained in the feces of the Bovine (in purple) and of the Human (in orange). We
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used 0, 0.2, 0.05 and 0.5 for abundance, prevalence thresholds, p-value and log
thresholds respectively. The Venn diagram, shown in Figure 6A, revealed 52
functions shared between the two biological datasets. Furthermore, the statistical
analysis conducted using the Wilcoxon test and log2 fold change revealed that 18
functions were differentially abundant between the Bovine and Human, as illustrated
in Figure 6B. In this figure, the most abundant functions in the Bovine are highlighted
in purple, while those associated with humans are shown in orange. The functions
in gray showed no statistical differences based on the analyzed p-value and log2
fold change thresholds. Figure 6C provides a detailed view of these enriched
functions, with nine being more abundant in Bovine and nine in Human. Regarding
unique functions, the Human dataset exhibits 60 unigue functions, while no functions

are exclusive to the Bovine (Figure 6A).
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Figure 6: Functions grouped by SUPER-FOCUS level 2 of miRNA obtained from the
feces of Bovine and Human. Purple bars represent the functions of miRNA from the
Bovine, while orange bars represent the functions of miRNA from the Human. (A)
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Venn diagram showing the functions unique and common to each organism. (B)
Volcano plot showing the relationship between log2 fold change (X-axis) and
adjusted p-value (-log10(p-value), Y-axis). The p-value threshold was 0.05 and the
log2 fold change threshold was |0.5|. Functions in gray do not show significant
differences between biological datasets for the thresholds analyzed. (C) Functions

that showed statistical differences in abundance levels between Bos and Human.

Moreover, our additional scripts generate various outputs, including Venn
diagrams, barplot, heatmap and files with common and exclusive functions. For
example, in Figure 7 we performed a comparative analysis between the functions,
grouped by SUPER-FOCUS level 3, of the ruminal MAGs (in dark blue) and fecal
MAGs (in red) of Bovine targeted by the miRNAs. We used 0, 0.2, 0.05 and 0.5 for
abundance, prevalence thresholds, p-value and log thresholds respectively. The
Venn diagram shown in Figure 7A revealed 108 functions shared between the two
environments of Bos. Furthermore, the statistical analysis conducted using the
Wilcoxon test and log2 fold change revealed that nine functions were differentially
abundant between the rumen and feces, as illustrated in Figure 7B. In this figure, a
heatmap is presented, where the intensity of the colors indicates the relative
abundance of differentially expressed functions in two environments: rumen and
feces. Regarding unique functions, the rumen exhibited 60 unique functions, while
feces contained only 2 unique functions. We selected the top 5 most abundant

functions in rumen and the top 2 most abundant functions in feces (Figure 7C).
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rumen and feces of Bovine. Blue dark bars represent the functions of MAGs from
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Heatmap showing the significant functions between rumen and feces of Bovine’

MAGs. (C) Barplot with unique functions to the rumen and feces.

Also, to facilitate the visualization of results when the pipeline is run

individually (without informing the settings of the environments/phenotypes) or with

different species, additional scripts are available to run histograms and Venn

diagrams comparing more than one analysis (Figure 8).
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4. HolomiRA run times and memory use

Average run times and maximum memory used by each of the rules for 10 MAGs
(mean 2.8M) and 100 miRNAs sequences.

max_rs mean_loa | cpu_tim

h:m:s io_in io_out
S - - d e
annotate_prokka 00:02:32 13187.19 26.94 99.196 34.775 367.743
cds 00:00:00 | 5.745 0 0.761 0 0.04
id 00:00:00 11.1 2.4 0.478 0 0.07
five_prime 00:00:02 | 30.717 3.968 3.661 34.439 1.268
find_targets 00:01:15 | 22.92 0.401 0.025 81.295 61.73

format_rnahybrid 00:00:02 | 82.305 5.062 0.149 48.125 1.386

aggregate bsites 00:00:00 | 112.79 0.02 0.02 0 4.63

get_indiv_metrics 00:00:04 | 85.372 0.08 13.934 72.567 3.245

aggregate_finalresults | 00:00:00 | 113.19 0.01 0.02 0 4.99
get_global_metrics | 00:00:04 | 99.73 5.79 13.64 69.35 3.13
summary 00:00:05 | 15504 | 7045 | 032 | e6.41 3.95
plt_histogram 00:00:04 | 163.64 1.76 0.04 70.34 3.65
plt_venn 00:00:04 | 155.43 | 1.02 | 009 | 74.49 3.56
impacted 00:01:08 | 10524 | 74.84 | 15211 | 2264 | 16.01
prep_superfocus 00:00:11 | 73.55 2.27 163.12 58.43 7.38
run_superfocus. MAG | 00:28:56 | 5256.98 | 2134.67 13%4'3 299.16 | 5421.93
run_superfocus miR | 043941 | 512046 | 584.25 | 14264 | 8983 | 30913.9

NA 7
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Conclusion

In summary, HolomiRA offers a robust and user-friendly framework for
predicting host miRNA binding sites within prokaryotic genomes, enabling deeper
insights into the regulatory interactions between hosts and their microbiomes. By
integrating annotation, motif prediction, and functional analysis, this pipeline
provides a comprehensive approach to uncovering the potential roles of miRNA in
shaping microbiome function and dynamics. The application of HolomiRA to diverse
datasets demonstrates its versatility and effectiveness, making it a valuable tool for

advancing research in host-microbiome communication.
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