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RESUMO 

 

RIBEIRO, G. A procura por variantes genéticas funcionais da eficiência alimentar 

em bovinos Nelore. 72F. Dissertação (Mestrado). Faculdade de Zootecnia e Engenharia 

de Alimentos. Universidade de São Paulo. 2021. 

 

A eficiência alimentar (EA) em sistemas de produção de proteína animal é uma 

característica de grande importância, já que animais mais eficientes refletem 

diretamente em melhores índices de produtividade e sustentabilidade das cadeias 

produtivas. No entanto, a avaliação desta característica é complexa, lenta e onerosa, o 

que justifica a busca de abordagens mais eficazes para identificar animais quanto à EA. 

Uma possível estratégia é a identificação de marcadores moleculares que permitam a 

seleção de animais com melhor ou pior EA. Abordagens baseadas em estudos de 

associação ampla do genoma (GWAS) tem gerado bastante informações, porém na 

maioria das vezes os marcadores encontrados não são os responsáveis pelos efeitos 

fenotípicos (causais), o que faz com que a análise dos resultados seja especulativa 

utilizando-se genes presentes em grandes janelas cromossomais. Outro problema destes 

estudos é que as análises são realizadas a partir do DNA de qualquer célula, se perdendo 

a possibilidade de compreender a importância funcional e tecido-específica das 

variantes causais em determinado fenótipo. Assim este trabalho se organiza em 

capítulos, onde no primeiro foi analisado dados gerados a partir de RNA-seq de 

amostras de biópsia de fígado de animais de alta e baixa EA, com o objetivo de 

identificar variantes funcionais que regulem genes e vias biológicas relacionadas com o 

fenótipo estudado. Foi possível identificar 256 variantes (247 SNPs e 9 INDELs 

(inserções e deleções)) distribuído em 190 genes que regulam vias importantes da 

imunidade inata, o que leva a concluir que o sistema imune é uma das principais vias 

que regulam a eficiência animal, seja direta ou indiretamente. Dentre os principais 

achados está 4 variantes homozigóticas para animais de alta eficiência alimentar (AEA) 

nos genes CFH e CFH5, que são responsáveis pela fagocitose de micróbios e células 

danificadas que induzem à infecção, alterações nessas variantes podem levar a 

alterações das vias biológicas relacionadas a imunidades, causando perdas econômicas. 

No segundo capítulo, realizou-se análises de dados a partir de RNA-seq de diversos 

orgãos (adrenal, hipotálamo, pituitária, fígado, musculo), para identificação de variantes 
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funcionais que podem ser reguladores centrais, suas interações biológicas com a 

característica de eficiência alimentar e por fim validar os resultados em uma população 

independente. Com esta pesquisa foi possível identificar 169 variantes expressos em 

comum nos cinco tecidos, sendo que essas variantes estão relacionadas principalmente 

com o MHC classe I. Também foram identificados um total de 144, 252, 413, 416 e 340 

potenciais variantes funcionais (PVFs) apresentados no fígado, músculo, hipotálamo, 

hipófise e adrenal, que foram adjacentes a 223, 422, 694, 697 e 554 marcadores SNP 

apresentados no BovineHD (Illumina), respectivamente. Para realizar a validação e as 

previsões genômicas para o conjunto de validação, os marcadores SNP adjacentes ao 

PFV foram diferencialmente ponderados com base nos resultados obtidos com ssGWAS 

usando o conjunto de treinamento. Através dos dados obtidos e da metodologia 

aplicada, foi possível constatar que a precisão da predição aumentou de 31,03% para 

40%, quando adicionados os dados das PVFs ponderados diferencialmente na matriz de 

predição. Através dos dados genômicos obtidos e utilizando a metodologia de 

identificação de PVFs e validação por ssGWAS, foi possível desenvolver um pipeline 

consistente que pode ser utilizada para a aprimorar os programas de melhoramento 

genético.   

 

 

Palavras-Chave: RNA-seq, eficiência alimentar, variantes funcionais, multi-tecidos, 

sistema imunológico, GWAS, gado.  
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ABSTRACT 

RIBEIRO, G. The search for functional genetic variants of feed efficiency in Nellore 

cattle. 72F. (Master) Dissertation. Faculty of Animal Science and Food Engineering. 

University of São Paulo. 2021. 

 

Feed efficiency (FE) in animal protein production systems is a feature of great 

importance, since more efficient animals reflect directly on better productivity and 

sustainability indexes of the production chains. However, the evaluation of this 

characteristic is complex, slow and costly, which justifies the search for more effective 

approaches to identify animals regarding FE. A possible strategy is the identification of 

molecular markers that allow the selection of animals with better or worse FE. 

Approaches based on studies of broad genome association (GWAS) have generated a lot 

of information, however in most cases the markers found are not responsible for the 

phenotypic (causal) effects, which makes the analysis of the results speculative using 

genes present in large chromosomal windows. Another problem of these studies is that 

the analyzes are performed from the DNA of any cell, losing the possibility of 

understanding the functional and tissue-specific importance of the causal variants in a 

given phenotype. Thus, this work is organized in chapters, where the first one analyzed 

data generated from RNA-seq from liver biopsy samples from animals of high and low 

FE, with the objective of identifying functional variants that regulate genes and 

biological pathways related to the studied phenotype. It was possible to identify 256 

variants (247 SNPs and 9 INDELs (insertions and deletions)) distributed in 190 genes 

that regulate important pathways of innate immunity, which leads to the conclusion that 

the immune system is one of the main pathways that regulate animal efficiency, be it 

directly or indirectly. Among the main findings are 4 homozygous variants for highly 

efficient animals (HFE) in the CFH and CFH5 genes, which are responsible for the 

phagocytosis of microbes and damaged cells that induce infection, changes in these 

variants can lead to changes in biological pathways related to immunities, causing 

economic losses. In the second chapter, data analysis was performed using RNA-seq 

from several organs (adrenal, hypothalamus, pituitary, liver, muscle), to identify 

functional variants that can be central regulators, their biological interactions with the 

efficiency characteristic and finally to validate the results in an independent population. 

With this research it was possible to identify 169 variants expressed in common in the 
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five tissues, and these variants are mainly related to MHC class I. A total of 144, 252, 

413, 416 and 340 potential functional variants (PFVs) were also identified. in the liver, 

muscle, hypothalamus, pituitary and adrenal, which were adjacent to 223, 422, 694, 697 

and 554 SNP markers presented in BovineHD (Illumina), respectively. To perform the 

validation and genomic predictions for the validation set, the SNP markers adjacent to 

the PFV were differentially weighted based on the results obtained with ssGWAS using 

the training set. Through the obtained data and the applied methodology, it was possible 

to verify that the precision of the prediction increased from 31.03% to 40%, when 

adding the data of the differently weighted PFVs in the prediction matrix. Through the 

genomic data obtained and using the methodology of identification of PFVs and 

validation by ssGWAS, it was possible to develop a consistent pipeline that can be used 

to improve the breeding programs. 

 

Keywords: RNA-seq, feed efficiency, functional variants, multi-tissues, immune 

system, GWAS, cattle. 
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1. Introduction 

 

Ruminants can transform non-edible foods for humans, such as grasses, fodder and 

by-products rich in cellulose, into high-quality edible foods such as meat, milk, etc. This 

exclusive advantage of them results in low efficiency of feed conversion, being 

necessary to use approaches such as high-grain diets in feedlots to reach the appropriate 

weight and carcass scores for quality meat. However, to achieve the proper carcass, it is 

necessary to add grains to the animals' feed (concentrate), such as corn and soybeans, 

which are products that make up human food, generating, therefore, a competition for 

these food products. Another critical point is the selection of animals for feedlot, where 

individual feed efficiency is often not considered incurring additional expenses for the 

producer since animals with low feed conversion consume more dry matter (DM) to 

produce the same amount of products (meat or milk). 

 

Another relevant point about feed efficiency (FE) is the fact that efficient animals 

generally produce less waste and gases responsible for the greenhouse effect, such as 

methane. Studies indicate that methane emissions are linearly related to DM 

consumption, that is, selecting efficient animals can reduce methane production by up to 

28%, without affecting the animal's performance (Difford et al., 2020; Hegarty et al., 

2007). Since efficient animals consume less DM to produce similar amounts of product 

(meat) compared to animals with low efficiency, animals with high feed efficiency 

(HFE) are more sustainable (Difford et al., 2020; Hegarty et al., 2007). 

 

Although the selection of FE  has several advantages, identify animals for FE is 

a complex task, since it is a phenotype regulated by several variables. There are two 

main metrics that can be used to identify efficient animals. The first consists of the 

relationship between the amount of feed consumed and weight gain, which is called 

feed conversion rate (FCR). This metric, however, is less used, as it has a strong 

negative correlation with body weight gain, resulting in the selection of undesirable 

animals in terms of the animal's body size and feed consumption. The second metric, 

called Residual Feed Intake (RFI), consists of the difference between the actual feed 

consumption and the expected feed requirements for maintenance and weight gain. 

When an animal has low RFI, it is considered more efficient, as it tends to consume 

lower amounts of feed. This measure became common for the selection of FE due to the 
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lack of phenotypic correlation with the body weight gain and the size of the animal, 

being independent of the animal's performance. 

Studies indicate that the variation of the RFI is caused by basic metabolic 

processes, which determine the efficiency in production, however, this measure is still 

not well accepted by the industry, as animals classified as superior in terms of RFI can 

develop slowly. In addition, performing RFI estimatives are expensive and not an easy 

task, since all feed consumption measures used in beef cattle have complex interactions 

with the environment and biological processes (digestion, metabolism, physical activity, 

thermoregulation and food intake). Additionally, FE is a polygenic characteristic that 

makes it even more difficult to select animals with HFE (KENNY et al., 2018). 

Biological variations from animal to animal in feed efficiency are an important 

factor, but they are far from being understood and further studies are needed to identify 

the undesirable side effects of this selection. By better understanding the biological 

processes linked to FE, it makes it possible to plan more balanced breeding programs, 

reveal new management strategies and adapt the formulation of the feed to the 

individual needs of the animal, as well as contribute to the discovery of cheap and quick 

methods (markers) for classify early (young) animals with high feed efficiency, without 

the need to measure feed consumption. 

Studies based on phenomics and systems biology have been intensified in recent years 

and most of them aimed to identify the complex interation and the molecular bases that 

explain why similar animals reared under the same conditions differ in feed efficiency. 

These studies have shown as a result regulatory genes, biological pathways and 

differentially expressed genes that can influence the phenotypic characteristic. 

However, they still did not identify the causal variants, responsible to control all these 

genes and their interactions.  

Thus, the objective of this work to identify potential functional variants, genes and 

biological pathways that regulate feed efficiency through RNA-seq data from Nelore 

cattle.  
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2. Chapter 1: Potential Functional Variants in Innate Immune Response Genes 

Associated with Feed Efficiency in Beef Cattle  

 

Submmited to Genetics Selection Evolution in June 2020.  

 

 

Gabriela Ribeiro1, Aline Silva Mello Cesar2, Pâmela Almeida Alexandre1,3, José Bento 

Sterman Ferraz1, Heidge Fukumasu2  

a Faculdade de Zootecnia e Engenharia de Alimentos, Universidade de São Paulo, 

Pirassununga, São Paulo, Brazil. 

b Escola Superior de Agricultura “Luiz de Queiroz”, Universidade de São Paulo, 

Piracicaba, São Paulo, Brazil. 

c Present address: CSIRO Agriculture & Food, 306 Carmody Rd., St. Lucia, Brisbane, 

QLD 4067, Australia 

 

Abstract 

 

Identifying and selecting animals for feed efficiency (FE) is extremely important for the 

beef production chain. Currently, the most common parameter to access the FE animals 

is residual feed intake (RFI), which is the residual of the linear regression that estimates 

DMI based on average daily gain and mid-test metabolic body weight. However, it 

relies on costly and time-consuming data collection, creating a growing demand for 

alternative approaches to identify genetically superior animals for FE. This study aimed 

to detect potential liver-specific functional variants from RNA-seq data of 16 Nellore 

bulls (Bos indicus) divergently selected for FE. The variant call analysis detected 247 

missense SNPs and nine insertion-deletions (INDELs) that alter the protein functions. 

These variants were found within 190 genes differentially found (P < 0.05) in liver 

tissue between high FE (HFE) and low FE (LFE) animals. To better understand the role 

of these variants in biological pathways, we performed a functional enrichment analysis, 

which highlighted six genes involved in complement cascade and cascade complement 

regulation pathways, and 20 genes involved in the regulation of the innate immune 

system. They had four different significant variants in the complement factor H (CFH) 
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family genes, and all were homozygous in HFE animals rather than some degree of 

heterozygous in LFE animals. We developed a pipeline to detect potential liver-specific 

functional variants from RNA-seq data from animals divergently selected for feed 

efficiency. With this approach, we found potential functional variants in innate immune 

response genes associated with feed efficiency in beef cattle. 

Keywords: SNP, INDEL, transcriptomic, variant calling, liver, bovine. 

 

2.1. Introduction  

 

Studies on feed efficiency (FE) in beef cattle (Bos indicus) are very important. 

The identification and selection of efficient animals can improve the productivity by 

reducing feed costs, which can reach 75% in feedlot systems (Paper, 2010). FE 

selection is also justified by the demand for less environmental impact of livestock. 

Feed efficient animals are recognized as more sustainable due to decreased production 

of waste and greenhouse gases.  

One of the most common ways to evaluate FE is by residual feed intake (RFI), 

an independent measure of the level size and growth rate in beef cattle (Koch et al., 

1963). At least five major physiological processes contribute to RFI as intake of feed, 

digestion of feed, metabolism, physical activity and thermoregulation (Arthur and Herd, 

2008). Thus, the liver is considered a central organ for FE since it is responsible for the 

metabolism of nutrients as proteins, lipids and carbohydrates, along with other functions 

as metabolism of bilirubin, bile acids, xenobiotics, protein synthesis and immunity 

(Stalker and Hayes, 2007). Our group was the first to described a pathophysiological 

mechanism associated with FE in beef cattle: liver inflammation due to altered 

metabolism and/or bacterial translocation/infection (Alexandre et al., 2015), which was 

in part corroborated by others (Paradis et al., 2015; Tizioto et al., 2015; Weber et al., 

2016). We also unravel the metabolic pathways related to FE in Nellore cattle showing 

an increased bacterial load in low feed efficient animals (LFE) which is in part 

responsible for the hepatic lesions and inflammation in these animals (Fonseca et al., 

2019). 
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The RFI estimation in beef cattle is costly and time-consuming, therefore other 

approaches to identify genetically superior animals are needed. A usual strategy is the 

use of molecular markers for genomic selection based on SNPs (single nucleotide 

polymorphisms) genotyping, which allows the detection of DNA variants associated 

with FE. However, the majority of the SNPs previously identified in Genome-Wide 

Association studies (GWAs) and expression quantitative loci (eQTL) association study 

(Cesar et al., 2018) are non-causal variants (de Oliveira et al., 2014; Saatchi et al., 2014; 

Santana et al., 2014), which are located in intron or intergenic genomic regions. There is 

an urgent need to establish the functional (causal) variants of this important phenotype. 

One possibility is the analysis of whole genome sequencing, an approach which is still 

very costly. Another possibility is the whole exome sequencing that has a reduced cost, 

but still lack information regarding the importance of the polymorphism within cell 

and/or tissue architecture. Therefore, we propose an approach to overcome these 

limitations based on the identification of genetic variants from RNA-sequencing (RNA-

seq) data from a physiologically phenotype-related organ, followed by a classification 

of the potential functional variants according to their effects on protein expression and 

function.  

In this work, we developed a pipeline to detect potential liver-specific functional 

variants from RNA-seq data from animals divergently selected for feed efficiency. With 

this approach, we found potential functional variants in innate immune response genes 

associated with feed efficiency in beef cattle. 

 

2.2. Methods 

2.2.1. Phenotypic data and biological sample collection 

All animal protocols were approved by the Institutional Animal Care and Use 

Committee of Faculty of Food Engineering and Animal Sciences, University of São 

Paulo (FZEA-USP – protocol number 14.1.636.74.1).  

All procedures to collect the phenotypes and biological samples were carried out 

at FZEA-USP, Pirassununga, State of São Paulo, Brazil.  Ninety-eight Nellore bulls 

(Bos indicus) (16 to 20 months old and 376 ± 29 kg BW) were evaluated in a feeding 

trial comprised of 21 days of adaptation to feedlot diet followed by a 70-day period of 

data collection. Total mixed ration was offered ad libitum and daily dry matter intake 
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(DMI) was individually measured. Animals were weighted at the beginning, at the end 

and every two weeks during the experimental period. Feed efficiency (FE) was 

estimated by residual feed intake (RFI) (Koch et al., 1963). At the end of the 

experimental period, liver biopsy samples from the left hepatic lobes were collected 

from each animal and quickly frozen in liquid nitrogen and stored at -80 °C. Further 

information about management and phenotypic measures of the animals used in this 

study can be found elsewhere (Alexandre et al., 2015).  

 

2.2.2. RNA-seq data  

Samples of 8 animals from each FE group (high and low) were selected for 

RNA-seq using RFI measure extremes. The total RNA from liver samples was extracted 

by using the RNeasy mini kit (QIAGEN, Crawley, West Sussex, UK) according to the 

instructions provided by the manufacturer. The total RNA quality and quantity were 

assessed using automated capillary gel electrophoresis on a Bioanalyzer 2100 with RNA 

6000 Nano Labchips according to the manufacturer’s instructions (Agilent 

Technologies Ireland, Dublin, Ireland). Samples that presented RNA integrity number 

(RIN) less than 8.0 were discarded.  The mRNA libraries were constructed using the 

TruSeq™ Stranded mRNA LT Sample Prep Protocol and sequenced on Illumina HiSeq 

2500 equipment in a HiSeq Flow Cell v4 using HiSeq SBS Kit v4 (2x100pb). FastQC 

software (Babraham Institute, Cambridge, UK, 

http://www.bioinformatics.babraham.ac.uk/projects/fastqc/) was used to obtain the 

sequencing quality. Removal of PolyA / T tails and adapters was performed using 

Seqyclean software (University of Idaho: Institute of Bioinformatics and Evolutionary 

Studies, Moscow, USA, https://bitbucket.org/izhbannikov/seqyclean), so only bases 

with quality ≥ 20 and complete readings with at least 50 bp, were further studied for 

further analysis. The alignment of the reads was done using the STAR software version 

2.7 (Dobin et al., 2013) with the reference genome Bos taurus UMD3.1 (Ensembl, 

ftp://ftp.ensembl.org/pub/release-98/fasta/bos_taurus/dna/), allowing two mismatches 

per read. 

 

2.2.3. Call of functional genomic variations associated with FE 
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GATK software (McKenna et al., 2010) was used to perform the call the variants 

analysis. HaplotypeCaller command was applied to identify the variants (SNPs and 

insertions and deletions (INDELs). The variants underwent quality control on the 

GATK software as follows: (Variant Quality Score - QUAL) > 30, depth of sequencing 

(Deph Plot - DP) > 4, amount of available coverage (QualByDepth - QD) > 3, 

polarization trend (FisherStrand - FS) > 30 and the general mapping quality of readings 

that support a variant call (RMSMappingQuality- MQ) < 35. Statistical analysis was 

performed by Plink software (Purcell et al., 2007) considering MAF < 40% and call rate 

equal to 50%. For the allele frequency test between HFE and LFE groups, the Cochran-

Armitage trend analysis was used considering significant differences when P<0.05. 

 

2.2.4. Characterization of the effects of variants on protein sequence and 

function 

The potential functional variants were analyzed in the Variant Effect Predictor 

(VEP) online tool (McLaren et al., 2016) which predicts the functional effects of the 

variants. Potential functional variants were analyzed by the Scale-Invariant Feature 

Transform (SIFT) score, a statistical tool of the VEP online software. SIFT is an 

algorithm that predicts whether an amino acid substitution affects the function of the 

protein. This analysis was performed on the basis of the gene sequence homology and 

the physical properties of the amino acids, where the like sequences are first sought, 

then strictly related sequences (which may share functions similar to the query 

sequence), with the alignment of the sequences chosen is possible to calculate the 

normalized probability for all possible substitutions of the alignment. Thus, generating a 

SIFT score ranging from 0 to 1, being classified as deleterious values below 0.05 and 

above 0.05 is considered as tolerated. The deleterious classification indicates that the 

amino acid change will have a great impact on the proteins, since the tolerated 

classification indicates that the impact will not be so great. With this information it was 

possible to compare the position of the variants in the protein with the protein database 

of the National Center for Biotechnology (NCBI), in order to find information about the 

name of the region and what function that region performs. 

 

2.2.5. Functional enrichment analysis 
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The functional enrichment analysis was performed with Panther version 14.1 

(Thomas et al., 2003) to identify biological pathways over-represented in the set of 

genes with potential functional variants. A multiple test correction was used and 

significant pathways were considered when P<0.05. 

 

2.3. Results 

2.3.1. Characterization of feed efficiency groups 

Two groups of eight animals with extreme values of feed efficiency were 

selected and named High Feed Efficient (HFE, lowest RFI) and Low Feed Efficient 

(LFE, highest RFI). These groups were significantly different for feed efficiency traits 

RFI, feed conversion ratio (FCR), residual weight gain (RWG), residual intake and 

weight gain (RIG), for dry matter intake (DMI) and average daily gain (ADG) (Table 

1). The LFE animals presented higher backfat thickness at the end of the experiment 

(P<0.05), supporting that HFE animals are more feed efficient because they eat less, 

have similar ADG and are leaner than LFE animals (Alexandre et al., 2015; Novais et 

al., 2019). A total of 11,361 genes were expressed in liver samples from HFE and LFE 

animals and eight genes were differentially expressed (DE) (P ≤ 0.1): NR0B2, SOD3, 

RHOB, Bta-mir-2904-2, FTL, CYP2E1, GADD45G and FASN (Alexandre et al., 

2015). 
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Table 1. Phenotypic traits. Mean of the groups of high feed efficiency (n = 8) and low 

feed efficiency (n = 8).  

Trait HFE mean LFE mean P-value 

BWi (kg) ♦ 413.20 ± 47.20 407.80 ± 27.05 0.78 

BWf (kg)○ 562.20 ± 49.50 530 ± 30.76 0.10 

ADG(kg/d) ♦ 2.13 ± 0.52 1.75± 0.23 0.08 

DMI (kg/d) ♦ 10.20 ± 1.26 12.32 ± 0.95 2.09x10-3* 

FCR ♦ 4.96 ± 0.80 7.18 ± 0.62 2.82x10-5* 

RFI (kg/d) ○ −1.43 ± 0.33 1.66 ± 0.41 9.39x10-4* 

RWG (kg/d) ♦ 0.38 ± 0.30 −0.38 ± 0.14 7.98x10-5* 

RIG ○ 1.80 ± 0.31 −2.03 ± 0.37 9.39x10-4* 

REAi ♦ 67.45±5.38 65.84 ±4.08 0.5115 

REAf ♦ 83.38±7.44 82.79±4.54 0.8521 

REAg ♦ 15.93±10.75 16.95±5.02 0.812 

BFTi ♦ 1.087±1.19 1.97±1.32 0.1795 

BFTf ♦ 3.00±1.88 5.96±1.52 0.004* 

BFTg ♦ 1.91±2.06 3.99±1.15 0.03* 

RFTi ♦ 2.49±1.40 5.12±1.26 0.001* 

RFTf ♦ 5.69±2.58 9.50±2.05 0.006* 

RFTg ♦ 3.20±1.95 4.37±1.70 0.2206 
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HFE = high feed efficiency; LFE = low feed efficiency; BWi = initial body weight; 

BWf = final body weight; DMI = dry matter intake; ADG = average daily gain; FCR = 

feed conversion ratio; RFI = residual feed intake; RWG = residual body weight gain; 

RIG = residual intake and body weight gain; REAi = initial rib eye area; REAf = final 

rib eye area; REAg = gain of rib eye area; BFTi = initial back fat thickness; BFTf = 

final back fat thickness; BFTg = gain of back fat thickness; RFTi = initial rump fat 

thickness; RFTf = final rump fat thickness; RFTg = gain of rump fat thickness 

*P ≤ 0.05 

♦Student’s t-test 

○Mann–Whitney-Wilcoxon test 

Adapted from Alexandre et al. 2015 

 

2.3.2. Characterization of expressed SNPs and INDELs associated with feed 

efficiency 

The variant calling analysis detected 268,393 and 37,587 SNPs and INDELs, 

respectively, from the 16 samples. These variants were tested for Minor Allele 

Frequency (MAF)<0.4 and call rate=50%, which left 68,852 SNPs and 5,148 INDELs, 

respectively, for statistical analysis. From these, 2,149 SNPs and 139 INDELs were 

significantly different between HFE and LFE animals (P<0.05). Part of these variants 

were found in exonic regions (51% for SNPs and 29% for INDELs) but a considerable 

fraction was found outside the gene (43% for SNPs and 66% for INDELs) or in introns 

(6% for SNPs and 5% for INDELs, Fig. 1). 
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Figure 1. Relative frequency of significant SNPs and INDELs between HFE and LFE 

groups classified by consequence and impact on protein expression. SNPs and INDELs 

classified by the consequence on gene sequence (A and B) and by the impact on protein 

expression (C and D).  

 

We considered the variants with moderate and high impact as potential 

functional variants totalizing 256 variants (247 SNPs and 9 INDELs) selected for 

further analysis. They generated effects on proteins as follows: shorter proteins due to 

frameshift INDELs, bigger proteins due to insertion of one or two AA by inframe 

insertion INDELs, changes in single amino acid (AA) on proteins due to missense SNPs 

and a stop retained INDEL (able to change at least one base of the terminator codon but 

maintaining the function of the terminator). These 256 potential functional variants were 

distributed across 190 genes, as some variants were found in spliced isoforms and there 

were genes with more than one variant (Supplementary table 1).  

 

2.3.3. Depicting the biology of potential functional variants  

In order to understand the importance of these 256 potential functional variants 

we performed the functional enrichment analysis for the selected genes, which detected 

three different significant pathways (False Discovery Rate - FDR<0.10): "Regulation of 
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Complement cascade", "Complement cascade" and "Innate Immune System" with fold 

enrichments of 14.79x, 12.19x and 2.57x respectively (Table 2).  

 

Table 2. Significant pathways detected by functional enrichment analysis of genes with 

potential functional variants. 

Reactome pathways 
Bos taurus 

REFLIST 

Input 

genes 

Fold 

Enrichment 
P-value Q-value 

Regulation of complement 

cascade 
47 6 14.79 5.97x10-06 9.60x10-03 

Complement cascade 57 6 12.19 1.65x10-05 1.32x10-02 

Innate immune system 901 20 2.57 1.31x10-04 6.99x10-02 

 

 

The three pathways associated with FE by our approach were all related to the 

innate immune system, in particular with the regulation of the complement cascade. The 

first two pathways enriched from the same set of six genes (Supplementary table 2) and 

the Innate Immune System enriched from twenty genes (Supplementary table 2), 

including the six genes from the complement cascade/regulation of complement cascade 

pathways. The list of these 20 genes, their potential functional variants, the impact on 

protein sequence and the frequency in each group can be found in the Supplementary 

table 3. Considering the “regulation of complement cascade” and “complement 

cascade” as one pathway since they were enriched for the same set of genes, it calls the 

attention the overrepresentation of Complement H factor genes (complement factor H-

related 5, complement factor H and complement factor H precursor). There were four 

different significant variants in these genes and all were homozygous in HFE animals 

instead of some degree of heterozygosity in LFE animals (Table 4). 
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Table 4. Frequency and missense alteration of the potential functional variants enriched 

from the complement cascade pathway associated with feed efficiency.  

Gene ID Gene SNP 
Position 

protein 

Protein 

alteration 
LFE HFE P-value 

ENSBTAG00000023177 CFH T/A 445 I/K 2|6 0|16 0.028 

ENSBTAG00000038171 CFHR5 T/C 558 P/S 3|11 0|16 0.038 

ENSBTAG00000039995 CFH G/C 15 P/R 4|6 0|8 0.016 

ENSBTAG00000039995 CFH C/T 30 Y/H 4|8 0|8 0.035 

I = isoleucine; K = lysine; P = proline; S = serine; R = arginine; Y = tyrosine; H = 

histidine; LFE = Low Feed Efficiency; HFE = High Feed Efficiency 

 

2.3.4. Effects of other important potential causal variants  

At last, we analyzed the effects of high impact INDELs on protein function since 

they altered the protein sequence considerably but were not enriched in the processes 

already described. The frameshift INDEL on GAS2L1 caused a deletion of 7 AA in the 

calponin homology domain and had an allele frequency of 35% (5/14) in the HFE 

animals whereas it was not found in LFE group (0/8, P<0.05). Another frameshift 

INDEL generated a deletion of 7 AAs in the ATP binding cassette (ABC) domain of the 

TAP2 and had an allele frequency of 50% (7/14) in the HFE group whereas only 25% in 

the LFE group (3/12, P<0.05). Interestingly, this INDEL was found significantly 

associated not only in one but also in two spliced isoforms of TAP2. An INDEL in the 

transcription factor RREB1 caused an insertion of 2 AAs in one of the C2H2 Zinc finger 

domains of Bos indicus RREB1 and was associated with LFE since the allele frequency 

in this group was 30% (3/10) but in the HFE no allele was found (0/14, P<0.05). An 

INDEL was found in SEMA4F, which generated a premature stop codon reducing the 

COOH-terminal of the SEMA4F in 5 AAs. This region contains the PDZ domain of the 

protein responsible for anchoring the SEMA4F in the membrane to cytoskeletal 

components. The allele with the deletion of 40 bp was found in 50% in LFE group 

(5/10) and 16% in HFE group (2/12, P<0.05). An inframe insertion INDEL in the 
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ECSIT insert a glutamic acid in the position 423 at the COOH terminal of ECSIT and 

this variant is associated with feed efficiency as the allele frequency was 29% (4/14) in 

the HFE and 0% (0/12) in the LFE group (P<0.05). 

Another inframe insertion INDEL was found in the ENSBTAG00000011926 

gene, which is probably the transcription factor ZFN665-like that inserted a leucine in 

one C2H2 Zn finger region of the protein. The variant with the inserted leucine is 

associated with lower feed efficiency with an allele frequency of 38% (3/8) instead of 

6% (1/15) in the HFE group (P>0.05). Another potential functional variant is the 

insertion of one Alanine (252) just one position from the phosphorylation serine site of 

RPP30 (S251) with a higher frequency in the LFE group (LFE=50%, 5/10; HFE=14%, 

2/14; P<0.05). The INDEL in the MGAT2 although considered a frameshift INDEL, it 

did not change the function since it generated a stop retained codon.  

 

2.4. Discussion 

 

There is increasing evidence for the importance of the immune system on feed 

efficiency in a variety of domestic species. Our group previously showed that feed 

efficiency is associated with altered inflammatory response in beef cattle partially 

because of bacterial translocation from the digestive tract to the liver (Alexandre et al., 

2015; Fonseca et al., 2019). Here we reported for the first time the existence of potential 

functional variants in immune system-related genes associated with feed efficiency, 

with the potential to alter the function of the innate immune system by regulation of the 

complement cascade. To achieve these results, we performed a screening for potential 

functional variants from transcriptomic data of animals evaluated for feed efficiency 

using RNA-seq data and bioinformatic tools such as GATK, VEP, functional 

enrichment using Panther and evaluation of effects from the potential variants. 

Our pipeline found potential functional variants in genes that significantly enriched 

for three biological pathways related to the Immune System: “Regulation of 

Complement Cascade”, “Complement Cascade” and “Innate Immune System”. Similar 

genes enriched for Regulation of Complement Cascade and Complement Cascade 

(C8G, CFHR5, CFH, IGHG, CPN2) and it calls the attention the overrepresentation of 

potential functional variants in Complement H factor genes (CFHR5, CFH and CFH 
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precursor). The complement system is one of the major biological processes of the 

innate immune system related to the ability of antibodies and phagocytic cells to clear 

microbes and damage cells inducing inflammation. The system consists of a number of 

small proteins mainly synthesized by hepatocytes, but can also be secreted by 

endothelial cells, white blood cells and epithelial cells (Peng et al., 2008; Strainic et al., 

2008). This enzymatic cascade helps in the defense of infections and is one of the main 

effectors of humoral immunity, regulating various biological processes such as 

phagocytosis, opsonization, leukocyte chemotaxis, release of mast cells, basophils and 

active oxygen species by leukocytes, vasoconstriction, smooth muscle contraction, 

increased vessel permeability, platelet aggregation and cytolysis (Frank and Fries, 1991; 

Haeney, 1998). Activation of this cascade can be performed by 3 pathways (classical, 

lectin and alternative) and the genes found in our study regulate the alternative pathway, 

which is triggered in the presence of an exogenous activator, such as the presence of 

fungi, bacteria, some types of viruses and parasites, which activate C3 molecules and 

trigger the cascade (Frank, 1989; Iturry-Yamamoto and Portinho, 2001; Ochs et al., 

1983). As already mentioned, we showed in previous works that less feed efficient 

animals have increased inflammatory response in the liver (Alexandre et al., 2015) and 

there is a higher level of endotoxins in the blood of LFE animals (Fonseca et al., 2019) 

which corroborates with the activation of the complement cascade by the alternative 

pathway. In fact, another study comparing the hepatic transcriptome of high and low FE 

animals found the complement system as the most significant canonical pathway 

enriched from the differential expressed genes (Tizioto et al., 2015). 

The proteins responsible for regulation of the complement activation (RCA) can be 

divided into two main groups: membrane-bound regulators and soluble regulators (Jiang 

et al., 2015). Factor H Complement belongs to the RCA family and we found different 

alleles predominantly in LFE animals. The CFH also has five additional members, 

represented by five separate CFH-related genes (CFHR), ranging from 1 to 5. The 

proteins produced by CFHR contain a set of domains that are homologous to those of 

CFH (Zipfel et al., 2002). These proteins act at the C3 level (Józsi and Zipfel, 2008) 

negatively regulating complement activation, acting as a cofactor for factor I-mediated 

C3b cleavage and facilitating C3 convertase acceleration of deterioration (Zipfel et al., 

2006, 2002). In this work, we found heterozygosity in the LFE animals for the CFH 

genes whereas the HFE animals were homozygous. Another gene that influences the 
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complement system in all pathways (classical, lectin and alternative) is the C8 gene 

found in heterozygosity only in LFE animals. The C8 protein is part of the complex 

membrane attack complex (MAC) that assembles on bacterial membranes to form a 

pore, allowing the disruption of bacterial membrane organization, cell death and 

consequently inflammatory response (Morgan, 2016; Oikonomopoulou et al., 2012).  

The genetic modulation of the innate immune system supports our previous 

studies that demonstrate the relationship between feed efficiency and hepatic 

inflammation (Alexandre et al., 2015; Fonseca et al., 2019). Along with the genes 

related to complement cascade regulation, other genes with potential functional 

variations enriched for the innate immune system as BOLA, ECSIT, GLB1, ADA2, 

RIPK3, LILRA4, SIRPB1 and YEAR6. Olivieri and colleagues found candidate genes 

associated with feed efficiency traits in Nellore cattle involved in immune system as 

well as other processes (Olivieri et al., 2016). Specifically, they proposed the NLRP14, 

which was shown to regulate the innate immune signaling. In humans, a germline 

mutation in NLRP14 impairs its function and affects the innate immune signaling (Abe 

et al., 2017) as well as other polymorphisms in complement genes are linked to human 

diseases as hemolytic uremia and age-dependent macular degeneration (Degn et al., 

2011), supporting the idea that potential functional variations affect the innate immune 

system. Although we haven’t found the same candidate genes from the GWAS study of 

Olivieri and colleagues (2016), our approach confirmed the innate immune system as an 

important pathway for feed efficiency in beef cattle. 

Our initial idea was to identify causal genetic variants for feed efficiency and 

found these to be present exclusively in one group (LFE or HFE). However, in our 

study none of the 256 potential functional variants affecting protein sequences were 

found exclusively in one group and that is the reason why we choose not to call these as 

causal variants. It is shown for complex traits that even the most important loci in the 

genome have small effects sizes, and that, together, the significant hits only explain a 

modest fraction of the predicted genetic variance (Boyle et al., 2017). Indeed, in one of 

the largest performed GWAS study for feed efficiency in beef cattle, the authors found 

ten significant quantitative trait locus (QTL) for RFI but none explained more than 

2.5% of the additive genetic variance in any population (Saatchi et al., 2014).  

We are aware that one possible limitation of the present work is the sample size 



34 
 

but even in the present condition the results are well supported by the literature in 

transcriptomic (Alexandre et al., 2015; Paradis et al., 2015; Tizioto et al., 2015) and 

GWAs studies (Olivieri et al., 2016), including other species as pigs (Horodyska et al., 

2019; Ramayo-Caldas et al., 2018) and poultry (Zhou et al., 2015). Therefore, the 

existence of potential functional variations in genes of the innate immune response 

affecting feed efficiency in beef cattle seems plausible and worth future studies.   

 

2.5. Conclusion 

 

In this research, we found possible hepatic causal variants that modulate the 

expression/function of genes involved in the pathways innate immune response. Having 

as one of the main findings, four applicable homozygous variants for HFE animals in 

the CFH and CFH5 genes, which are responsible for phagocytosis of microbes and 

damaged cells that induce infection. Occasional changes in these variants regulate the 

alteration of immunity-related biological pathways, may alter or modify the model, 

which in our case is economical. 
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Abstract  

Background: The identification and selection of animals for feed efficiency (FE) is 

extremely important for sustainable and productive livestock and the best approach so 

far is the use of genomic selection based on DNA markers. However, FE is a complex 

phenotype, and the identification of potential functional variants is difficult. Here we 
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propose a pipeline for the identification of potential functional variants (PFV) for FE 

based on multi-tissue RNA-seq of relevant organs in beef cattle.  

Results: The pipeline, was based on RNA-seq data from 5 different tissues from 

animals divergent for FE evaluated by residual feed intake, followed by the call of 

variants with the GATK tool, statistical analysis by Plink, identification of the 

consequences and impact of the variants by the Ensembl VEP, selection of relevant 

PFV and validation by weighted single-step GWAS (ssGWAS) and genomic selection, 

in which the linear model includes the fixed effects of the contemporary group, age as a 

covariate, and the direct additive genetic effect. At last, functional enrichment analysis 

with genes enriched for PFVs was performed using Panther tool. With the analysis of 

the call for variants, 169 significant variants were detected in all tissues, when a deeper 

analysis was carried out to know the impact and consequence of the variants, on the 

function of proteins, it was demonstrated that 20.4% have moderate or high impact. 

Adding information from PFV improved the prediction ability for RFI and less inflated 

prediction were obtained using PFV from liver and muscle, mainly those involved with 

the biological pathway of MHC, which is the main biological system of immunity. 

Conclusions: Here we propose a consistent pipeline that identifies PFV and its 

biological pathways, and can be used in genetic prediction programs, helping to identify 

young animals without records. 

 

3.1. Introduction  

Genome wide association studies (GWAS) are often used to determine DNA 

variants related to a given phenotype. In livestock science they establish quantitative 

trait loci (QTL), identify candidate genes and are the basis for genome selection [1]. 

However, although there are some attempts to find functional (causal) variants of 

quantitative and complex traits based on GWAS results, it is a task comparable to 

looking for a needle in the haystack. That is because DNA genotyping chips have DNA 

markers interspaced in all chromosomes and the QTLs are often quite large [2]. On the 

other hand, there is an urgent need to establish the functional variants of complex 

phenotypes in livestock, because when the variant has a causal relationship with the 

phenotype, it can be used in different populations and even in different breed, from 
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which the discovery of the polymorphism was generated. With these specific DNA 

markers in hands, animal breeding will advance even further and faster. 

One possibility to detect functional variants is the analysis of whole-genome 

sequencing, an approach that is still very costly nowadays. Another possibility is the 

whole-exome sequencing that has a reduced cost, but still lacks information regarding 

the importance of the polymorphism within cell and/or tissue architecture [3]. One 

should have in mind that a complex phenotype is made by contributions of several cell 

types, organs and their interactions. Therefore, a tissue-level systems biology approach 

should be considered, since it might point specific DNA variants associated with 

relevant biological processes for specific phenotypes.  

Feed efficiency (FE) in beef cattle is one of the most important traits of livestock. 

While beef cattle produce high-quality meat from low-quality forage, they are one of the 

least efficient animals to convert feed into protein [4]. As a consequence, pasture 

grazing beef cattle are recognized as one of the biggest contributors to green-house 

emissions [5]. Therefore, more efficient animals are highly needed worldwide. Their 

improved productivity and sustainability are reflected in a reduced production cost, that 

can reach 75% in feedlot systems [6], and a decreased methane production, one of the 

green-house gases reducing the impact on the environment [7,8]. However, the 

identification of high FE animals is not an easy task. It is a complex phenotype, being 

controlled by several interconnected mechanisms [9,10]. Thus, it is necessary to 

understand the biological basis of FE to define future animal breeding programs [11].  

Our group was the first to described a pathophysiological mechanism associated 

with FE in beef cattle: liver inflammation due to altered metabolism and/or bacterial 

translocation/infection [12], which was partially corroborated by others [13–15]. We 

also unravel the metabolic pathways related to FE in Nellore cattle showing an 

increased bacterial load in low feed efficient animals which is in part responsible for the 

hepatic lesions and inflammation in these animals [16]. Previously, some QTL’s for 

feed efficiency in Nellore beef cattle were found by conventional GWAS [17–21], 

however only attempts to find causal variants were done.  

Therefore, here we propose a in silico pipeline to overcome these limitations based 

on the identification of genetic variants from RNA-sequencing (RNA-seq) data from 

physiologically phenotype-related organs, followed by a classification of the potential 
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functional variants according to their effects on protein expression and function. We 

also validated the potential functional variants by a weighted single-step GWAS 

(ssGWAS) and genomic prediction in a different non-related population. 

 

3.2. Methods  

3.2.1. Phenotypic data and biological sample collection 

Ninety-eight Nellore bulls (Bos indicus) (16 to 20 months old and 376 ± 29 kg BW) 

were evaluated in a feeding trial comprised of 21 days of adaptation to feedlot diet 

followed by a 70-day period of data collection. Total mixed ration was offered ad 

libitum and daily dry matter intake (DMI) was individually measured. Animals were 

weighted at the beginning, at the end and every two weeks during the experimental 

period. Feed efficiency was estimated by residual feed intake (RFI) [22]. Forty animals 

selected either as high feed efficiency (HFE) or low feed efficiency (LFE) groups were 

slaughtered on two days with a 6-day interval. Liver biopsy samples were collected 

from each animal and quickly frozen in liquid nitrogen and stored at -80 °C. Further 

information about management and phenotypic measures of the animals used in this 

study can be found elsewhere [12].  

 

3.2.2. RNA-seq data  

Samples of nine animals from each FE group (high and low) were selected for 

RNA-seq using RFI. The total RNA from liver, muscle, adrenal, pituitary and 

hypothalamus samples was extracted by using the RNeasy mini kit (QIAGEN, Crawley, 

West Sussex, UK) according to the instructions provided by the manufacturer. The total 

RNA quality and quantity were assessed using automated capillary gel electrophoresis 

on a Bioanalyzer 2100 with RNA 6000 Nano Labchips according to the manufacturer’s 

instructions (Agilent Technologies Ireland, Dublin, Ireland). Samples that presented 

RNA integrity number (RIN) less than 8.0 were discarded.  The mRNA libraries were 

constructed using the TruSeq™ Stranded mRNA LT Sample Prep Protocol and 

sequenced on Illumina HiSeq 2500 equipment in a HiSeq Flow Cell v4 using HiSeq 

SBS Kit v4 (2x100pb). FastQC software (Babraham Institute, Cambridge, UK, 

http://www.bioinformatics.babraham.ac.uk/projects/fastqc/) was used to obtain the 
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sequencing quality. Removal of PolyA / T tails and adapters was performed using 

Seqyclean software (University of Idaho: Institute of Bioinformatics and Evolutionary 

Studies, Moscow, USA, https://bitbucket.org/izhbannikov/seqyclean), so only bases 

with quality ≥ 20 and complete readings with at least 50 bp, were further studied for 

further analysis. The alignment of the reads was done using the STAR software version 

2.7 [23] with the reference genome Bos taurus ARS-UCD1.2 (Ensembl, 

ftp://ftp.ensembl.org/pub/release-98/fasta/bos_taurus/dna/), allowing two mismatches 

per read. 

 

3.2.3. Protocol to call the potential functional variants associated with FE 

 Genome Analysis Toolkit (GATK) software version 4.0.11.0 [24] was used to 

call the variants. HaplotypeCaller command was applied to identify the variants (Single 

Nucleotide Polymorphism - SNPs) and insertions and deletions (INDELs). The variants 

underwent quality control on the GATK software as follows: (Variant Quality Score - 

QUAL) > 30, depth of sequencing (Deph Plot - DP) > 4, amount of available coverage 

(QualByDepth - QD) > 3, polarization trend (FisherStrand - FS) > 30 and the general 

mapping quality of readings that support a variant call (RMSMappingQuality- MQ) < 

35. Statistical analysis was performed by Plink software [25] considering MAF < 40% 

and call rate equal to 50%. For the allele frequency test between HFE and LFE groups, 

the Cochran-Armitage trend analysis was used considering significant differences when 

P<0.05. 

 

3.2.4. Characterization of the effects of variants on protein sequence and 

function 

The potential functional variants were analyzed in the Variant Effect Predictor (VEP) 

online tool release 98 [26] which predicts the functional effects of the variants. Potential 

functional variants were analyzed by the Scale-Invariant Feature Transform (SIFT) 

score, a statistical tool of the VEP online software. SIFT is an algorithm that predicts 

whether an amino acid substitution affects the function of the protein. This analysis was 

performed on the basis of the gene sequence homology and the physical properties of 

the amino acids, where the like sequences are first sought, then strictly related 

sequences (which may share functions similar to the query sequence), with the 
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alignment of the sequences chosen is possible to calculate the normalized probability 

for all possible substitutions of the alignment. Thus, generating a SIFT score ranging 

from 0 to 1, being classified as deleterious values below 0.05 and above 0.05 is 

considered as tolerated. The deleterious classification indicates that the amino acid 

change will have a great impact on the proteins, since the tolerated classification 

indicates that the impact will not be so great. The tool also indicates the type of impact, 

which can be of the high type, causing protein truncation and loss of function; the 

moderate type, a non-disruptive variant that can alter the protein's effectiveness; low 

type, unlikely to alter the behavior of proteins; type modifier, non-coding variants or 

variants that affect non-coding genes, where predictions are difficult or there is no 

evidence of impact. In this research, only high and moderate impacts were considered. 

 

3.2.5. Functional enrichment analysis 

The functional enrichment analysis was performed with PANTHER version 15.0 

[27] to identify biological pathways over-represented in the set of genes with potential 

functional variants. The analysis type was “PANTHER Overrepresentation test” using 

the gene list with potential functional variants against the reference list of Bos taurus 

(all genes in the database). The annotation data set used was “Reactome Pathways” and 

statistical analysis was performed with Fisher’s Exact test and correction by False 

Discovery Rate. Significant pathways were considered when FDR<0.05.  

 

3.2.6. Validation of the potential function variants by genomic prediction  

3.2.6.1. General information about the data  

Records for RFI were obtained from feed efficiency tests carried out between 2011 

and 2018, from an independent population of this study, with phenotypic and genotypic 

information of 4,653 and 5,117 animals, respectively, were considered [28]. The 

relationship matrix used in the analyses was calculated based on pedigree information 

from 19,507 animals, provided by the Nelore Brazil Breeding Program, coordinated by 

the National Association of Breeders and Researchers. More information regarding the 

set of animals used in this study can be found elsewhere [18].  
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3.2.6.2. Genomic information  

Phenotypic and genotypic records from the Nelore Brazil breeding program 

coordinated by the National Association of Farmers and Researchers (Associação 

Nacional de Criadores e Pesquisadores – ANCP, Ribeirão Preto-SP, Brazil) were used 

for this study. A total of 963 animals were genotyped using the Illumina BovineHD 

BeadChip (Illumina Inc., San Diego, CA, USA), which contains 777,962 SNP markers 

of an independent population. These animals were used as a reference population to 

impute genotypes of 5,117 animals, previously genotyped with a low-density panel 

(CLARIFIDE® Nelore 3.1) encompassing over 27,000 SNP markers. Genotype 

imputation was performed using the FImpute 2.2 software [29]. The quality control 

criteria were performed by the PREGSF90 package [30], removing animals and markers 

with call rate < 0.90 and minor allele frequency (MAF) < 0.05. Monomorphic SNPs 

with redundant position and those located in non-autosome chromosomes were 

removed. Additionally, animals and SNPs with Mendelian conflicts were excluded. 

 

3.2.6.3.  Weighted single step Genome-Wide Association Study 

The GWAS analysis was performed using the single-step GWAS (ssGWAS) 

methodology [31]. The ssGWAS was performed in order to estimate the weights for 

SNPs markers iteratively. The linear model included the fixed effects of contemporary 

group (CG) and the animal age as covariable, and the random direct additive genetic 

effect. Farm, management group, sex, feed efficiency test, year and birth season, 

composed the CG. Records within ±3.5 standard deviations from the CG mean were 

considered in the analysis, and CG that had at least four animals were considered in the 

analysis. 

 

3.2.6.4. Prediction models  

For the genetic evaluation of RFI the same model applied for ssGWAS analyses was 

applied. To calculate the prediction ability, the dataset was split into training (3,253 

animals) and validation (1,864 animals) subsets. The validation subset consisted of 

genotyped young animals without progeny records and the training was composed by 
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genotyped sires and dams with progenies. Phenotypic and genotypic information from 

validation animals were omitted in the training set. To evaluate the prediction ability of 

GEBV in the validation subset, the prediction accuracies were calculated according to 

the Beef Improvement Federation (BIF)[32] as follows: 

AccBIF = 1 -√
PEV

(1+Fi) ×σ 𝑎
2 

where PEV is the prediction error variance, σ 𝑎
2  the additive genetic variance, and Fi the 

inbreeding coefficient. The regressions coefficient between the GEBV obtained using 

the complete data set using the unweighted G and the GEBV estimated for different 

weighted G scenarios with or without potential functional variants (PFV) was used 

evaluate the prediction inflation. 

The 𝐆 matrix was obtained following [33]: 

𝐆 =
(𝐌 − 𝐏)(𝐌 − 𝐏)′

2 ∑ pj
m
j=1 (1 − pj)

 

where 𝐌 is an allele-sharing matrix with m columns (m  total number of markers) and n 

rows (n = total number of genotyped individuals), and 𝐏 is a matrix containing the 

frequency of the second allele (pj), expressed as 2pj. Mij was 0 if the genotype of 

individual i for SNP j was homozygous AA, was 1 if heterozygous, or 2 if the genotype 

was homozygous BB. To account for heterogeneous SNP weights, a matrix of weights 

should be included in the formula for constructing G, where var(s) is the vector 

containing the variance of individual SNP effects, and di is the ith diagonal element of 

D, accounting for the ith SNP weight: 

𝑣𝑎𝑟(𝑠) = 𝐃 = |

𝑑1 0 0
0 𝑑2 0
0 0 𝑑𝑛

|   
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Based on that, a weighted relationship matrix can be defined as:  

𝐆𝐰 =
MDM′

2 ∑ pj
m
j=1 (1 − pj)

 

where D is a matrix of weights and each diagonal element of this matrix is defined as 

𝑑𝑖 = 𝜎𝑢,𝑖
2

∑ 2 𝑝𝑗 𝑞𝑗
𝑚
𝑗=1

𝜎𝑎
2

 

where 𝜎𝑢,𝑖
2 can be understood as SNP “prior variances” [34,35]. In practice, 𝜎𝑢,𝑖

2  are not 

known (or even well defined; [35]). 

Several approaches exist to estimate individual SNP variances, but  𝜎𝑢,𝑖
2  can be 

approximated from estimates of SNP effects as follows. Genomic predictions were 

obtained by ssGBLUP, SNP effects can be calculated using a backsolving process 

[33,36,37]: 

�̂� =
1

∑ 2 𝑝𝑗 𝑞𝑗
𝑚
𝑗=1

DM′G𝑤
−1�̂� 

where �̂� is the vector of estimated SNP effects, and �̂� is a vector of genomic EBV 

(GEBV). After the SNP effect was calculated, the 𝜎𝑢,𝑖
2  was obtained as proposed by 

[37].   

The G matrix was constructed using different combinations of SNPs and 

weights: (a) Unweighted G matrix with 460,992 SNPs; (b) weights in D calculated 

based on genome-wide association studies (ssGWAS) using iterative ssGBLUP as in 

[37], updating GEBV and SNP weights for 2 iterations; c) weighted SNPs as b) and also 

including differential weights for SNPs neighboring the causative PFV for liver, 

adrenal, pituitary, hypothalamus and muscle tissue, respectively. The SNP markers that 

are causal or in linkage disequilibrium with potential functional variants should be 
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given higher weights. In these sense, three levels of weight for SNPs neighboring the 

PFV were tested, 1-fold, 2-fold and 3-fold the maximum weighted obtained in the 

ssGWAS after 2 iteration.  

 

3.3. Results  

3.3.1. Detection and characterization of potential functional variants (PFVs) 

associated with feed efficiency  

The pipeline we proposed here (Fig. 1) is for the detection of PFVs based on RNA-

seq data of relevant organs for a given phenotype, in this case feed efficiency in beef 

cattle. For this experiment, we used samples from 9 animals of each group (HFE and 

LFE) analyzing 18 samples of liver, hypothalamus and pituitary; 17 of muscle and 15 of 

adrenal gland, yielding 13,3 million reads per sample on average (Table 1 and 

Supplementary table 1). Initially, variants were called from the 5 different organs and 

the number of uniquely variants was 2,000,936 dues to the overlap of variant calling in 

different organs (Table 1). After filtering the variants by MAF and call rate, a total of 

11,35% (227,225 uniquely variants) was used for statistical analysis where 4,39% 

(9,986 variants) were significantly associated with FE. Next, we classified the PFVs 

according to the impact on protein function where 20,0% (1,995) were classified with 

moderate impact and only 0.78% (78) were classified with high impact on protein 

function (Table 1 and Fig. 2). 
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Figure 1. The pipeline for PFV detection. 
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Step-by-step details of the material and methods for obtaining potential causal variants. 

a - selection of animals for feed efficiency and sample preparation; b - RNA-seq 

analysis (paired end); c - data treatment and call for variants by the GATK tool; d - 

statistical analysis and genetic association by Plink; e - identification of the impact and 

consequence of variants by the Ensembl VEP online; f - functional enrichment by 

Panther (GO); g - validation of results by the GWAS of an independent population. 

 

Table 1. Total call for variants, filtering, significant variants, impact levels, distributed 

by tissue.  

The results of the Total variant number, Filter and Significant variants are in quantities, 

that is, the number of variants that can be SNPs or/and INDELs. 

 

* this data means the number of uniquely variants since there are variants detected in 

more than one tissue.  

 

The majority of PFVs with moderate or high impact are missense SNPs (Table 2 

and Fig. 2), but there are other important protein consequences as frameshift INDELs, 

stop gained INDELs and inframe insertion INDELs all altering protein sequences and 

function.  

Organ 
Total variant 

calling 

After filtering 

(MAF and call 

rate) 

Significant 

variants 

Classification of the impact 

Moderate High 

Liver 484,589 46,268 1,110 263 6 

Muscle 459,057 80,818 2,540 501 25 

Hypothalamus 1,037,253 143,540 4,586 834 24 

Pituitary 846,809 125,141 3,782 847 21 

Adrenal 745,878 130,738 3,575 657 10 

Total 3,573,586 526,505 15,593 3,102 86 

Uniquely variants*  2,000,936 227,225 9,986 1,995 78 
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Table 2. Variants distributed according to the consequences on protein sequence.  

* The number of consequences of the variants can vary, as a variant can have more than one consequence. 

 

 

Consequence * 

Organ Missense 
Splice 

region 

Splice 

donor 
Frameshift 

Stop 

gained 

Inframe 

insertion 

Inframe 

deletion 

Splice 

acceptor 

Start 

lost 

Stop 

lost 

Intron 

variant 

Start 

retained 

Affected 

genes 

Liver 260 2 3 3 1 3 - - - - - - 120 

Muscle 494 24 8 14 - 3 4 1 1 1 - - 211 

Hypothalamus 818 11 11 10 3 10 9 - - - - - 352 

Pituitary 823 9 5 12 3 10 17 - 2 1 - 2 343 

Adrenal 635 6 2 3 2 9 15 3 - - 2 - 286 

Total 3.030 52 29 42 9 35 45 4 3 2 2 2 1,312 
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Interestingly, we found 169 significant variants expressed in all the five organs (Fig. 2.c), 

however only 27 variants have moderate impact, and none had high impact providing evidence of 

tissue specific effects of high impact functional variants. In addition, the pituitary and the 

hypothalamus ranked as the first and second organs with the most significant variants in our study.  

 

Figure 2. Variants overlay (SNPs and INDELs) 

 

a – Number of SNPs and INDELs variants (insertions and deletions), b - variants filtered according 

to maf <0.40 and call rate 0.50 and associated with the genotype; c - significant variations 

associated with feed efficiency; d - potential functional variants with moderate impact, that is, non-

disruptive variant that can alter the effectiveness of the protein; e - potential functional variants with 

high impact, causing protein truncation and loss of function. 

 

3.3.2. Functional analysis of PFVs  

Functional enrichment analysis was performed first with all genes carrying the PFVs and also 

for each tissue alone. In the first scenario, all enriched terms are related to the Class I MHC (major 

histocompatibility complex) mediated antigen processing and presentation, an important part of the 

adaptative immune response (Supplementary file 2). The analysis of each tissue alone enriched for 
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immune response terms in all tissues except for hypothalamus. In this specific tissue, although 

being the tissue with the higher number of significant PFVs detected, only one biological pathway 

was significantly enriched (DNA double-strand break response). The list of these 28 genes, their 

potential functional variants, the impact on the protein sequence and the frequency in each group 

can be found in the Supplementary file 2. 

 

3.3.3. Validation of the findings by genomic prediction  

 A total of 144, 252, 413, 416 and 340 PFVs presented in the liver, muscle, hypothalamus, 

pituitary and adrenal were adjacent to 223, 422, 694, 697 and 554 SNP markers presented in the 

BovineHD (Illumina), respectively. To perform the validation and genomic predictions for 

validation set, the adjacent SNP markers to PFV were differentially weighted based on the results 

obtained with ssGWAS using the training set. The genomic prediction ability for RFI in the 

validation set when the PFV were not included in the analyses is presented in Table 3. The 

prediction accuracy for RFI using the weighted G matrix (ssGBLUP+wG) obtained in the ssGWAS 

of training set was higher than unweighted G matrix (ssGBLUP). However, the prediction accuracy 

improvement was higher when RFI records were added (ssGBLUP+rec) in the validation subset 

compared to apply a weighted G matrix (Table 3). As expected, the highest prediction accuracy in 

the validation set was obtained when all available information was considered and the G matrix was 

weighted (ssGBLUP+wG+rec), however, more inflated predictions for RFI were obtained. 

Applying also the ssGBLUP method, [38] (0.45) and [39] (0.22) reported higher prediction ability 

for RFI also in Nellore cattle. The less inflated predictions for RFI were obtained with the model 

that includes unweighted genomic information and records of validation set, however, in this 

scenario phenotypic information is necessary. It is important to highlight that the more realist 

scenario is only use genomic information to predict the GEBV of young animals without RFI 

records at early ages, in order to maximize the genetic progress for RFI and took the advantage of 

genomic selection. The availability of phenotypic records for RFI is not common in beef cattle 

breeding programs because is expensive to assess records for this important trait.  
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Table 3. Prediction ability (Acc) and regression coefficient (b) for RFI in the validation set. 

 

 

 

 

1ssGBLUP: ssGBLUP using unweighted G matrix; ssGBLUP+wG: ssGBLUP using weighted G 

matrix; ssGBLUP+records: ssGBLUP using unweighted G matrix and records; 

ssGBLUP+wG+records: ssGBLUP using weighted G matrix and records 

 

Adding the information from PFVs for the five organs with a differentially weighted for 

adjacent SNPs, the prediction ability improved in comparison to ssGBLUP+wG (Table 4). The 

prediction ability for RFI using 1-fold, 2-fold and 3-fold were almost the same for the different 

tissues, however the highest prediction accuracy was obtained in the 3-fold scenario, where the 

prediction accuracy increased from 31.03% to 40% compared to weighted G matrix without 

consider the PFVs. Despite the higher prediction accuracy for RFI when SNP markers adjacent to 

PFV were differentially weighted, more inflated predictions were obtained for RFI as the weighted 

for PFV increased. However, is important to highlight that the increase of prediction inflation was 

lower in the liver and muscle tissue compared to adrenal, pituitary or hypothalamus. 

 

 

Validation without PFVs1 Acc b (SE) 

SsGBLUP 0.10 0.48 (0.02) 

ssGBLUP+Wg 0.15 0.85 (0.03) 

ssGBLUP+records 0.23 1.00 (0.03) 

ssGBLUP+wG+records 0.29 1.10 (0.02) 
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Table 4. Prediction ability (Acc) and regression coefficient (b) for RFI differentially (SNPs and PFV). 

Prediction ability (Acc) and regression coefficient (b) for weighted single-step GBLUP (ssGBLUP+wG) including selected variants (PFV) 

in the model and applying different weighting approaches for PFV (1-fold, 2-fold and 3-fold the maximum weighted obtained in the 

ssGWAS) 

 

Validation for functional 

mutations 

Adrenal Pituitary Hypothalamus Muscle Liver 

Acc b (SE) Acc b (SE) Acc b (SE) Acc b (SE) Acc b (SE) 

ssGBLUP+wG +QTN:1-fold 0.16 0.74 (0.03) 0.16 0.723 (0.03) 0.15 0.73 (0.03) 0.15 0.85 (0.03) 0.15 0.82 (0.03) 

ssGBLUP+wG+QTN:2-fold  0.18 0.67 (0.03) 0.18 0.65 (0.03) 0.18 0.66 (0.03) 0.18 0.75 (0.03) 0.18 0.79 (0.03) 

ssGBLUP+wG+QTN:3-fold 0.20 0.62 (0.03) 0.19 0.60 (0.03) 0.19 0.61 (0.03) 0.20 0.71 (0.03) 0.20 0.77 (0.03) 

ssGBLUPrecords+wG+QTN:1-

fold  
0.31 1.02 (0.02) 0.31 1.00 (0.02) 0.31 1.02 (0.02) 0.29 1.11 (0.2) 0.30 1.08 (0.02) 
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3.4. Discussion  

 

It is imperative the determination of potential functional variants of complex, quantitative 

phenotypes of livestock species. Some works have been trying to find the best way for the 

identification of PFVs, but weren’t able to state whether these variants were in fact causal and what  

are the consequences for production characteristics [40–43]. Here we proposed a new methodology 

for identifying PFVs, together with a powerful validation in GWAS in an independent population, 

and we showed that in fact the PFVs increased the accuracy for genome selection. Our approach 

uses a systems biology approach coupled with multi-tissue phenotyping and the effects on protein 

consequences of the PFVs for a given phenotype, in this case the feed efficiency in beef cattle. 

The methodology used in this work consists of two major stages, the first being the 

identification of PFVs and the second a validation by weighted GWAS. In the first stage, GATK 

was used to call the variants: it compares the case RNA sequencing data with the control (bovine 

reference genome) using powerful filtering and statistical tools. This tool is widely used in several 

works to identify variants [44–47] and it is generally used with the HaplotypeCaller algorithm, 

which improves performance by making the tool more accurate [48]. To select a variant calling 

tool, one needs to have a good combination of processing time, precision and sensitivity (call 

quality) of the genotyping. When analyzing GATK with other tools (Findvar, SAMtools, 

Graphtyper) that have the same functions and considering the processing time, GATK is at a 

disadvantage compared to the other tools [48,49]. However, when comparing the number of 

polymorphic sites found by the tools (homozygous and heterozygous), GATK is of great advantage 

[49,50]. Regarding the call for false positives, the tool with the lowest percentages was Findvar, 

followed by GATK and later by SAMtools [49]. Although GATK has a long processing time, it can 
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be compensated by the number of polymorphic sites and the median filtering of false positives, 

making it a balanced tool for the identification of PFVs. 

The second stage, on the other hand, involves validating the results obtained in the first stage 

using the ssGWAS and perform genomic prediction in an independent population. The ssGWAS is 

widely used to find DNA variants associated with a characteristic. Nevertheless, it does not allow 

the identification whether the variant is causal or not. Some studies [51–54], point out that the use 

of expression quantitative trait loci (eQTL) mapping can help in the identification of causal variants 

and also in the distinction between pleotropic and binding effects [55]. However, a denser SNP 

panel is needed to accurately locate mutations and the genes involved, making eQTL studies very 

expensive. A viable alternative is the methodology we have developed, a systems biology-based 

characterization of the phenotype to detect PFVs and further use as additional information for 

genomic prediction. In this study we used data from PFVs, coming from an analysis of RNA-seq, 

which can serve as a tool to improve genetic predictions. Thus, the two factors (GWAS + PFV) 

differentially weighted and added together increase the ability of genomic prediction. Adding 

external information from PFV identified by analysis of RNA-seq and also including information 

from ssGWAS both contributes to reduce selection risk by improving GEBV accuracies, however, 

more inflated predictions were obtained as the weight for genomic information and PFV increased. 

The prediction ability for RFI was close to those obtained in previous studies using taurine breeds 

[56,57] and indicine breeds [38,39]. Comparing the prediction inflation from different tissue, it was 

possible to see that the tissues with the less inflated predictions were liver and muscle compared to 

adrenal, pituitary and hypothalamus, indicating that the PFV present in the liver and muscle 

contributes to more informative SNPs compared to other tissues.  

The gains in prediction accuracy are expected when widely known candidate regions identified 

by GWAS were included and weighted in the prediction models [58]. As examples: (1) when 1,623 
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variants from different breeds where added to a custom SNP chip, an accuracy gain of 2 %  was 

found when more weight was assigned to the QTN (Quantitative Trait Nucleotide) [59]; (2) the 

addition of selected sequence variants from a multiracial GWAS generates an increase of up to 10% 

in accuracy [60] and; (3) the incorporation of potential causative SNPs and removal of adjacent 

SNPs increase the accuracy by 2.5% [61]. Thus, the results obtained in our validation study pointed 

out that the incorporation of information derived from PVFs improved the genomic prediction for 

RFI though increasing the chance or probability to pick-up genetic marker in strong linkage 

disequilibrium with causal mutations and providing higher contribution of these SNP markers to the 

additive genetic variance for RFI. 

The proposed pipeline also allowed the functional enrichment analysis of the genes with PFVs 

and in this case, a significantly enrichment for Class I MHC mediated antigen processing and 

presentation was found for all organs, along with the DNA double-strand break response 

specifically in the hypothalamus. An overrepresentation of the BOLA gene and its polymorphisms 

(BOLA-DQA5, BLA-DQB, BOLA-DQA1, BoLA (ENSBTAG00000005182), JPS.1 (also known 

as BoLa) and BOLA-NC1) was found. These genes are part of the main bovine histocompatibility 

complex (MHC) class I (JSP.1, BOLA, BoLA (ENSBTAG00000005182), BOLA-NC1) and class II 

(BLA-DQB, BOLA-DQA5). MHC is a fundamental part of the immune system, which has several 

functions, being the most important the response against infectious diseases [62,63]. The MHC is 

divided into 3 groups, class I, class II and class III. Class I molecules have as their main function to 

present peptides to CD8 + T lymphocytes, which in turn kill cells infected by viruses and neoplasms 

[64]. Class II molecules have direct and indirect functions, which include participation in antigen-

presenting cells (APCs), such as dendritic and macrophage cells. These APCs have antigens derived 

from extracellular CD4 + T cell pathogens, which in turn activate macrophages and B cells to 

generate inflammatory and antibody responses, respectively. Indirectly, class II molecules 
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participate in the immune process through steroid 21-hydroxylase enzymes and tumor necrosis 

factors [64]. In MHC class I there are two subclasses, classic MHC-I (MHC-Ia) and non-classic 

(MHC-Ib). The BOLA-NC1 gene participates in the non-classical pathway, responsible for 

generating membrane isoforms from alternative splicing (differential splicing) [65–67]. In humans, 

the BOLA-NC1 gene is responsible for secreting molecules that interact with inhibitory receptors 

expressed by natural killer cells (NK), T lymphocytes and APC, in order to inhibit cells [68–76]. 

Class II is classified in two groups: DR and DQ [77]. BLA-DQB and BOLA-DQA5 participate in 

the DQ group, which is highly polymorphic and has different effects, but mainly acts in decreasing 

the response in CD4 helper T cells [78,79]. These genes have already been reported in other studies 

such as bovine leukemia virus [77], comparison of MHC class II diversity between different breeds 

of cattle [80], how bovine MHC influences disease function and susceptibility [81] and bacterial 

infection and inflammation in dairy cattle [82,83]. 

An increasing number of studies have demonstrated the link between the immune system and 

feed efficiency in different livestock species. In one of our previous works [12] the transcriptomic 

analysis indicated that Low Feed Efficiency (LFE) animals had more periportal liver lesions and 

pronounced inflammatory response, which is mediated by the immune system. We also 

demonstrated that LFE animals have increased bacterial load which is at least in part, responsible 

for the hepatic lesions and inflammation in these animals [16]. Therefore, the identification of PFV 

for feed efficiency in beef cattle in genes related to immune response is very plausible and open the 

possibility for fast improvement, by genetic selection, of this important phenotype in this species. It 

doesn’t escape our attention that as the biological pathways of Feed Efficiency are similar for other 

species as pigs, poultry and dairy cows, the detection of PFVs for genetic selection in these species 

will be very important.  
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3.5. Conclusion 

 

Here, a pipeline to identify potential functional variants for a complex polygenic phenotype was 

proposed.  The strategy added accuracy to genomic prediction model and increased the prediction 

accuracy for young animals without phenotypic records. The study also found that liver and muscle 

variants provided better genomic predictions for young animals, highlighting the main importance 

of these two organs for the phenotypic characteristic of feed efficiency (FE). At last, in this work, 

we showed that one of the most important biological pathways related to FE is the Class I MHC 

mediated antigen processing and presentation, an important part of the adaptative immune response. 
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4. Conclusion and Perspectives 

 

Through the methodology used in this work, it was possible to identify potential functional 

variants, genes and biological pathways that regulate feed efficiency (FE) using RNA-seq data from 

multiple central tissues, such as adrenal, muscle, liver, hypothalamus and pituitary of Nellore cattle 

phenotyped for FE. Although the methodology has proved to be effective, there is still a long way 

to go for genetic evaluation of the variants / genes / biological pathways and then they will be added 

to genetic improvement programs. 

As future work, it is also intended to complete the differential splicing analyzes associated 

with feed efficiency and identification of variant sequences associated with splicing events 

(SVASE) in cattle, with the aim of exploring alternative splicing events, which generate protein 

diversity. 

 

APPENDIX A – SUPPLEMENTARY MATERIAL OF CHAPTER 1 

Supplementary Table 1: Information on potential functional variants associated with feed 

efficiency 

Description: Information on the high and moderate impact variants associated with the feed 

efficiency phenotype in Nellore cattle. This table also contains information on genomic positions, 

genes, transcripts, consequences of variants and produced amino acids. 

 

Supplementary Table 2: List of genes enriched for the significant pathways found from potential 

functional variants associated with Feed Efficiency. 

Description: Nesta tabela contem as vias biológicas  

 

Pathways Ensembl code 
Gene 

symbol 
Gene name 

Regulation of ENSBTAG00000010520 C8G Complement C8 gamma chain 
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Complement Cascade 

And 

Complement Cascade 

pathway 

ENSBTAG00000038171 CFHR5 Complement factor H-related 5 

ENSBTAG00000023177 CFH Complement factor H 

ENSBTAG00000048135 IGHG 
A member of immunoglobulin heavy 

constant gamma 

ENSBTAG00000039995 

CFH 

 

Complement factor H 

ENSBTAG00000032656 CPN2 Carboxypeptidase N subunit 2 

 

 

 

 

 

 

 

 

 

 

 

Innate Immune 

System 

ENSBTAG00000018422 RIPK3 
Receptor interacting serine/threonine 

kinase 3 

ENSBTAG00000002472 CAS9 Caspase-9 

ENSBTAG00000008959 BOLA 
Class I histocompatibility antigen alpha 

chain precursor MHC class I antigen 

ENSBTAG00000010520 C8G Complement C8 gamma chain 

ENSBTAG00000004043 LOC407171 Fc gamma 2 receptor 

ENSBTAG00000017313 ADA2 Adenosine deaminase 2 

ENSBTAG00000038171 CFH5 Complement factor H-related 5 

ENSBTAG00000007213 SIRPA 
Tyrosine-protein phosphatase non-

receptor type substrate 1 

ENSBTAG00000006378 RIPK1 
Receptor (TNFRSF)-interacting serine-

threonine kinase 1 

ENSBTAG00000023177 CFH Complement factor H 

ENSBTAG00000048135 IGHG 
Member of immunoglobulin heavy 

constant gamma 

https://www.genenames.org/data/gene-symbol-report/#!/hgnc_id/HGNC:4883
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ENSBTAG00000006859 CEACAM 
Carcinoembryonic antigen-related cell 

adhesion molecule 

ENSBTAG00000039520 SIRPB1 Signal-regulatory protein beta 1 

ENSBTAG00000026944 LILRA4 
Immunoglobulin receptor precursor 

receptor 

ENSBTAG00000039995 CFH Complement factor H 

ENSBTAG00000002902 ANO6 Anoctamin 

ENSBTAG00000015254 GLB1 Beta-galactosidase 

ENSBTAG00000006556 COPB1 Coatomer subunit beta 

ENSBTAG00000032656 CPN2 Carboxypeptidase N subunit 2 

ENSBTAG00000015049 ECSIT 
Evolutionarily conserved signaling 

intermediate in Toll pathway 

 

 

Supplementary Table 3: Potential functional variants found in genes enriched for the significant 

pathways related to immune system. 

Description: Enriched functional variants for significant pathways related to the immune system. In 

this table contains the gene, the name of the variant, the SNP, protein position, altered protein, allele 

frequency in animals of low and high feed efficiency, p value and the function of the region. 
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APPENDIX B – SUPPLEMENTARY MATERIAL OF CHAPTER 2  

Supplementary Table 1: Mean and standard deviation (SD) of tissue alignment results 

Description: Quantities and standard deviation of reads by fabrics, obtained through alignment. In the table we have the initial number, the 

percentage of reads mapped only, reads mapped to multiple loci, reads not mapped and finally the percentage of alignment coverage. 

 

* these values are not in percentage; they are in number of reads 

 

 

 

Tissue 
Number of initial 

 reads* 

% Reads  

mapped only 

% Reads  

mapped to 

multiple loci 

% Reads 

unmapped 

% Reads 

unmapped: 

other 

% Coverage 

Adrenal 14,133,167 ± 1,457,849 82 ± 4 4 ± 0,3 14 ± 4 0,03 ± 0,01 86 ± 4 

Hypothalamus 13,309,273 ± 1,905,237 81 ± 5 2 ± 0,1 16 ± 5 0,07 ± 0,02 84 ± 5 

Muscle 13,205,295 ± 1,045,274 87 ± 3 2 ± 0,2 11 ± 3 0,08 ± 0,01 89 ± 3 

Liver 13,332,857 ± 1,149,619 69 ± 16 6 ± 2 25 ± 15 0,04 ± 0,02 75 ± 15 

Pituitary 12,512,647 ± 1,440,560 91 ± 1 3 ± 0,1 6 ± 1 0,06 ± 0,01 94 ± 1 
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Supplementary Table S2: Multi table  

Description: The file has several tables, in which it contains information by tissue 

(adrenal, hypothalamus, muscle, pituitary, liver), about the genes that were included in 

the functional enrichment and the tabulated result of this enrichment. It also has a table 

with the significant genes and finally a table with information on SNP, protein position, 

allelic frequency of the groups, among other information of the variants.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


