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ABSTRACT 
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WITH ECONOMIC TRAITS IN BEEF CATTLE 

 

 

 

 

Mohammed Kotb Abdelhalim Abo-Ismail                                                 Advisor: 

University of Guelph, 2011                                                                          Professor S. P. Miller 

 

 

 

The cost of feed remains an important factor affecting the profitability of beef production, 

and the difficulty of recording feed intake is a major limitation in an industry-wide selection 

program. Novel genomics approaches offer opportunities to select for efficient cattle. Therefore, 

the main objective of this work was to identify genetic markers responsible for genetic variation 

in feed efficiency traits as well as to understand the molecular basis of feed efficiency traits. The 

candidate gene approach revealed new single nucleotide polymorphisms (SNPs) in the 

Cholecystokinin B receptor (CCKBR) and pancreatic anionic trypsinogen (TRYP8) genes that 

showed strong evidence of association with feed efficiency traits. An in silico approach was 

proposed as a cost-effective method for SNP discovery. SNPs within genes Pyruvate carboxylase, 

ATPaseH+, UBQEI, UCP2, and PTI showed evidence of association with carcass traits without 

negatively affecting feed efficiency traits. The polymorphisms within genes CCKBR and TRYP8 

were associated with pancreas mass and pancreatic exocrine secretion. A fine-mapping study on 

1,879 SNPs revealed 807 SNPs with significant associations corresponding to 1,012 genes. These 

807 SNPs represented a genomic heritability of 0.32 and 89% of the genetic variance of residual 

feed intake (RFI). Genomic breeding values estimated from the SNP set (807) were highly 

correlated (0.96) to the breeding values estimated from a mixed animal model. The 10 most 

influential SNPs were located in chromosomes 16, 17, 9, 11, 12, 20, 15, and 19. Enrichment 

analysis for the identified genes (1,012) suggested 110 biological processes and 141 pathways 



contributed to variation in RFI. The 339 newly identified SNPs corresponding to 180 genes 

identified by fine-mapping were tested for association with feed efficiency, growth, and carcass 

traits. Strong evidence of associations for RFI was located on chromosomes 8, 15, 16, 18, 19, 21, 

and 28. Combing validated SNPs from fine-mapping and the candidate gene approach may help 

develop a DNA test panel for commercial use and increase our understanding of the biological 

basis of feed efficiency in beef cattle. 
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CHAPTER 1 

GENERAL INTRODUCTION 

The success of beef production relies on the ability of the breeder to produce 

cattle economically and that consistently yield high-quality beef products. The 

profitability of beef production systems is based on input costs and output values. Feed 

costs for maintenance of the cow herd are a significant part of the total cost of beef 

production (Parnell et al., 1994), representing about 60-80 percent of the total cost of beef 

production systems (Kaliel and Kotowich, 2002). Thus, feed efficiency traits offer great 

value when included in breeding objectives in genetic improvement programs. Genetic 

variation in feed efficiency has been reported in many studies (Herd and Bishop, 2000; 

Arthur et al., 2001a; Schenkel et al., 2004), allowing the opportunity for selection. The 

difficulty of recording feed intake is a major limitation, especially with the large numbers 

of animals required for an industry-wide selection program (Archer et al., 2004; Hebart et 

al., 2004; Wang et al., 2006). Accordingly, other criteria for evaluating feed efficiency, 

such as physiological (e.g., insulin-like growth factor) (Davis and Simmen, 2010; Herd et 

al., 2004a; Lancaster et al., 2008a) or DNA markers (e.g., single nucleotide 

polymorphism [SNP] and microsatellite) (Georges, 2007; Sherman et al., 2009; Sherman 

et al., 2008a; Snelling et al., 2011) have been considered. Using genomic information 

such as Marker-assisted Selection (MAS) allows genetic predictions for expensive or 

difficult-to-record traits (e.g., feed intake or product quality) or traits that require the 

slaughter of the animal (e.g., carcass traits). These traits have been limited in traditional 

genetic improvement (Dekkers and Hospital, 2002). If one allele of a particular SNP that 
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is associated with a measurable difference in the performance of the animal can be 

identified and mapped, a test can be developed to screen for its presence in large numbers 

of animals. Those that have the favorable allele are more likely to be higher-performing 

animals than those with the unfavorable allele. This test can be used as a pre-selection 

tool to decide which animals should enter a performance testing program or to select 

breeding stock that do not have performance records themselves. 

Genetic variation in feed efficiency traits is controlled by many genes (Barendse 

et al., 2007; Nkrumah et al., 2007a; Sherman et al., 2010). Thus, there is no single best 

method to identify these genes or quantitative trait loci (QTL) successfully. The key is to 

try to narrow a list of important genes to a plausible number for further investigation. A 

candidate gene approach was suggested to identify QTL for difficult-to-record traits as it 

requires less phenotypic data than the whole genome scan method (Dekkers, 2004). 

Nonetheless, with the development of large SNP panels, such as the Illumina Bovine 

SNP50 array (Matukumalli et al., 2009), genome scans are becoming more powerful and 

are providing encouraging results in beef and dairy cattle (Cole et al., 2009; Hayes et al., 

2009; Sherman et al., 2010; Snelling et al., 2010, Mujibi et al., 2011; Snelling et al., 

2011). A whole genome association study to detect putative QTL for feed efficiency was 

conducted by Barendse et al. (2007) with a panel of 10,000 SNPs. An autosomal genome 

scan for QTL affecting feed intake and feed efficiency was also carried out with 455 

genetic markers consisting of 100 microsatellite and 355 SNPs (Nkrumah et al., 2007a). 

In addition, the association between 2,633 SNPs across 29 bovine autosomes with feed 

intake and feed efficiency has been determined (Sherman et al., 2010). Genes involved in 

molecular processes related to traits such as digestion, metabolism and thermoregulation 
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can be potential candidates or QTL (Goldstein et al., 2003; Zhu and Zhao, 2007; Amos et 

al., 2011) as they increase the chance of finding a functional mutation that is directly 

associated with the variance in the trait of interest (Pritchard and Przeworski, 2001). 

These QTL (or markers) can be used in MAS (Dekkers and Hospital, 2002). A multitude 

of biological processes have been proposed as contributing to the variation in residual 

feed intake (RFI): digestion of feed and associated energy use; body composition and 

metabolism-including anabolism and catabolism (such as ion pumping, proton leakage 

and protein turnover); activity and behaviour; and thermoregulation (Herd et al., 2004b; 

Richardson and Herd, 2004; Herd and Arthur, 2009; Moore et al., 2009). 

However, while the previously described biological mechanisms contribute to 

variation in RFI, evidence for their association with the genetic variation in RFI at the 

genomic level (i.e., gene polymorphisms and their mRNA and protein expression levels) 

is needed. Thus, a genomic approach would lead to an efficient method (e.g., SNP 

panels) for selection of RFI without negative effects on other economic traits, such as 

carcass traits.  

Therefore, in Chapter 2, feed efficiency measures and mechanisms contributing to 

RFI are reviewed, and approaches for genetic improvement for feed efficiency are 

summarized. In addition, Marker, Gene, and Genomic Assisted Selection for feed 

efficiency as part of the genetic evaluation beef cattle in the future are described. In 

Chapter 3, research to identify new SNPs in nine genes associated with digestive function 

and metabolic processes and to examine the associations between the identified SNPs, 

feed efficiency and performance is presented. An in silico study was conducted to 
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identify or discover SNPs in the candidate genes. The association of phenotypes with 

either genotypes or allele substitution effects was also tested using a univariate mixed-

inheritance animal model. In Chapter 4, a study to examine the associations between 

identified SNPs in 8 out of 9 candidate genes used in Chapter 3 and carcass traits is 

described. In Chapter 5, a study to determine the relationship between the identified 

SNPs within four candidate genes (investigated in Chapter 3) involved in digestive and 

metabolic functions and their activity expression in crossbred beef cattle is presented. In 

Chapter 6, a research study is presented that (1) identifies the specific DNA differences 

that cause the variation in RFI, (2) estimates the proportion of variation in RFI explained 

by the detected DNA differences, and (3) identifies the gene or the flanking genes with 

the detected DNA differences to understand the biological effect of these differences. 

This research involved 589 crossbred animals that were genotyped for 56,947 SNPs using 

the Illumina 50K Bovine BeadChip. A total of 1,897 SNPs significant for RFI identified 

from a single marker regression analysis were used in this study. In Chapter 7,339 SNPs 

mapped to 180 corresponding genes were tested for association with feed efficiency, 

performance and carcass traits using 727 crossbred animals. 
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CHAPTER 2 

LITERATURE REVIEW 

2.1 Feed efficiency traits 

2.1.1 Feed efficiency measures 

The major challenge for beef producers in selecting the most efficient animals is 

the difficulty in measuring feed intake. It is also an expensive process, particularly if feed 

intake data are collected on large numbers of animals over long periods (Archer et al., 

1999). In addition, sophisticated technologies such as wireless radio frequency 

identification (RFID) units [i.e., Growsafe technology (Burt, 2004) and Insentec, 

Marknesse, the Netherlands (Chapinal et al., 2007)] are required to measure feed intake 

accurately. Nonetheless, these technologies have been used to measure the consumption, 

feeding behaviour and weight, of various individual animals, including ostriches (Burt, 

2004), dairy (Bach et al., 2004; Chapinal et al., 2007; DeVries et al., 2003) and beef 

cattle (Schwartzkopf-Genswein et al., 1999; Wang et al., 2006; Montanholi et al., 2010). 

In performance testing stations in many parts of the world, individual feed intake has 

been measured on bulls for a recommended duration of 70 days (Archer et al., 1997) for 

the last few years. 

Feed intake by itself does not accurately reflect the feed utilization efficiency of 

animals because intake is highly associated with body weight and level of production 

(Arthur et al., 2004). A method of accounting for these effects is required to identify 

animals that have an inherently superior ability to convert feed into weight gain or 

maintenance, and to pass that ability on to their progeny. Accordingly, producers should 
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select efficient animals based on a more appropriate measure that can lead to genetic 

improvement in feed efficiency. 

Several measures of feed efficiency in beef cattle have been used: feed conversion 

ratio (FCR), maintenance efficiency, partial efficiency of growth (PEG), residual feed 

intake (RFI), relative growth rate, Kleiber ratio and cow-calf efficiency (Swanson and 

Miller, 2008). The traditional measure of feed efficiency is FCR, defined as the weight of 

the feed consumed divided by the gain in body weight, over a specified period. Based on 

this definition, FCR only provides gross accounting for inputs and outputs, so it has many 

challenges during use. Of these: 

First, there is a negative genetic correlation between the feed conversion ratio and 

performance traits, such as post-weaning growth rate and yearling body weight (Arthur et 

al., 2001b; Koots et al., 1993; Lancaster et al., 2009). Thus, selection to improve feed 

efficiency would correlate responses in growth and body size. Weaning weight (WW), 

yearling gain (YG) and yearling body weight (YW) have a strong and positive genetic 

relationship with mature cow weight (0.80, 0.76, and 0.89 for WW, YG and YW, 

respectively) (Bullock et al., 1993), leading to an increase in cow body weight (BW) and 

in feed intake for maintenance. FCR is also negatively associated with cow mature size in 

the cow-calf system (−0.29, (Herd and Bishop, 2000); and −0.54, (Archer et al., 2002)). 

Therefore, selection based on FCR to improve feed efficiency leads to larger mature size; 

but the subsequent selection of more efficient animals (low FCR) might not increase the 

profitability of the production system, as the maintenance requirements within the herd 

may have increased (Archer et al., 1999).  
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Second, FCR is not applicable at some age stages (e.g., mature cows have stopped 

growing). Furthermore, it is hard to compare animals of different ages using FCR, as it is 

influenced by composition of gain (Crews, 2005; Nkrumah et al., 2004). 

An alternative concept is RFI, also called net feed efficiency, as proposed by 

(Koch et al., 1963). RFI is defined as the difference between an animal’s actual feed 

intake and its expected intake based on metabolic body weight and production over a 

specified period. RFI possesses most of the desired properties in feed efficiency measures 

and, as a result, it describes feed intake independently of production and body size. Feed 

intake is divided into portions required for stage and level of production, and a residual 

portion that would be a source of comparison among animals. RFI is based on measuring 

actual feed intake and average daily gain, so any errors in measuring average daily gain 

or body weight directly affect RFI’s accuracy as a selection criterion (Van der Werf et al., 

1994). In this thesis, the term feed efficiency refers to RFI. Animals with low RFI are 

desirable (more efficient), and animals with high RFI are undesirable (less efficient).  

Koch also proposed Residual Average Daily Gain (RADG) as another concept to 

evaluate feed efficiency in beef cattle (Koch et al., 1963). RADG is similar to RFI 

conceptually but it is defined as the difference between an animal’s actual gain and its 

expected gain based on feed intake and mid-weight (Crowley et al., 2010). Thus, efficient 

animals gain more than expected and less efficient animals gain less. This measure for 

feed efficiency would lead to increases in feed efficiency and feed intake (Koch et al., 

1963). The main difference between RADG and RFI is that RADG is associated with 

increasing gain not evaluating the variation in feed intake as in RFI (Berry and Crowley, 
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2011). Unlike RADG, RFI would select an animal having slow growth rate as that animal 

has low feed intake. Therefore, combining RADG and RFI would lead to a new useful 

trait for measuring feed efficiency (Berry and Crowley, 2011). 

Phenotypic and genetic variations in feed efficiency have been reported in many 

studies (Archer et al., 1999; Arthur et al., 2001a; Schenkel et al., 2004), allowing the 

opportunity for selection in genetic improvement programs. Accordingly, different 

criteria have been proposed to understand the sources underlying these variations: 

biology, traditional animal breeding and molecular genetics. 

2.1.2 Biological mechanisms contributing to variation in feed efficiency 

Several researchers have proposed major mechanisms that contribute to variation 

in feed efficiency (Herd et al., 2004b; Richardson and Herd, 2004; Richardson et al., 

2004). Five major processes have been proposed as contributing to the variation in RFI 

(Herd et al., 2004b): 1. intake of feed; 2. digestion of feed and associated energy use; 3. 

metabolism (including anabolism and catabolism) and body composition; 4. activity; and 

5. thermoregulation. Each mechanism offers some indicator traits that could be potential 

tools for selecting for efficient animals.  

2.1.2.1 Feed intake 

Feed intake could cause variations in feed efficiency between animals because, by 

definition, it is mathematically part of the different feed efficiency measures. There is a 

strong genetic relationship between RFI and feed intake (correlation 0.8) (Schenkel et al., 

2004). Also, RFI is strongly correlated with metabolizable energy intake (correlation, 
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0.8) (Basarab et al., 2003). When feed intake increases, heat production increases, which 

increases the maintenance energy requirement. Related to these relationships, high RFI 

steers had heavier stomach complex, intestine, heart, lung, kidneys and spleen compared 

with medium and low RFI steers (Basarab et al., 2003). A positive correlation between 

dry matter intake (DMI) and kidney weight (g/kg of BW) has been reported, whereas 

there was no correlation between RFI and total visceral, gastrointestinal or individual 

visceral tissue weights (Mader et al., 2009). Also a negative relationship (-0.44) was 

reported between FCR (gain/feed, kg/kg of dry matter) and total visceral weight (g/kg of 

BW), and a positive relationship (0.15) reported with gastrointestinal weight (g/kg of 

BW), suggesting these correlations relied on BW. There is an indirect relationship 

between the weight of gastrointestinal and internal organs and RFI (Richardson and Herd, 

2004). As there is a relationship between feed intake and RFI, there is also a relationship 

between feed intake and oxygen consumption in the gastrointestinal tract (GIT) and 

internal organs (Richardson and Herd, 2004). As a result, there may be a relationship 

between RFI and oxygen consumption. The difference in feed intake between breeds was 

investigated by Schenkel et al., (2003), who found that Simmental had the highest feed 

intake followed by Angus and Charolais, while Limousin and Blonde d’Aquitaine 

showed the lowest daily feed intake. Collecting accurate feed intake data increases the 

accuracy of estimating RFI. 

2.1.2.2 Digestion of feed and associated energy use 

Differences in feed efficiency may also be affected by the site of digestion or 

utilization of digestive products. The digestibility of feed accounts for 10 percent of the 
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variation in feed efficiency measured as RFI (Richardson and Herd, 2004). The 

difference in digestibility of feed may be due to the speed of passage, which is negatively 

correlated to feed intake (Richardson and Herd, 2004). In beef cattle, the majority of food 

energy losses are in feces and heat, and the net energy of food is approximately 

20 percent of food gross energy (Ferrell and Oltjen, 2008), suggesting possible metabolic 

pathways controlling digestion efficiency, which might be controlled by certain major 

genes. For example, up to 40 percent of dietary starch bypasses to the small intestine 

(Harmon, 1992). There is evidence suggesting that inadequate production of specific 

digestive enzymes could be responsible for limitations in digestive efficiency (Swanson 

et al., 2002). Limited pancreatic α-amylase may be a primary reason for limited digestion 

of starch in the small intestine in animals fed high concentrate diets (Swanson et al., 

2002). The digestive efficiency of starch is also affected by the mucosal disaccharidases, 

maltase and isomaltase, which are located on the mucosa of the villi in the small 

intestine. Little research has focused on maltase and isomaltase, although they are critical 

for starch assimilation (Bauer et al., 2001; Huntington et al., 2006). The concentrations of 

mucosal disaccharidases are highly variable and cannot be manipulated through nutrition, 

suggesting genetic control may underly this variability (Harmon and Taylor, 2005). 

The mechanisms of regulation for pancreatic digestive enzymes such as amylase 

and trypsin are not clearly understood in ruminants (Harmon and Taylor, 2005). In a 

recent study, the production of pancreatic digestive enzymes was associated with cell size 

within the pancreas, suggesting new candidate genes to control cell size and subsequently 

feed efficiency (Swanson et al., 2008a,b). The mechanisms controlling pancreatic 

secretion in ruminants were reviewed by (Croom et al., 1992). The nervous system is 
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responsible for regulating pancreatic exocrine secretion in ruminants; stimulation of the 

vagal nerves of sheep increase trypsin, chymotrypsin and amylase secretion. Another 

factor related to pancreatic exocrine regulation is cholecystokinin (CCK), also known as 

pancreozymin, one of the major hormones controlling pancreatic secretion in non-

ruminants. The mechanism of release and the actions of CCK have been discussed by 

(Konturek et al., 2003). CCK can increase secretion of pancreatic juice into the duodenal 

lumen in the calf (Zabielski, 2003). CCK present in the central nervous system inhibits 

food intake and increases pancreatic secretions (Squires, 2003). Changes in insulin, 

glucagon and pancreatic polypeptide concentrations in plasma did not change the rate of 

pancreatic secretion, but they may be involved in regulating pancreatic α-amylase, 

although the mechanisms are unclear (Swanson et al., 2004). The mechanism of the 

release and actions of CCK were illustrated in (Konturek et al., 2003). CCK could be one 

of the potential candidate genes affecting feed utilization in beef cattle. 

Nutrient transport mechanisms in the small intestine are also important in the 

regulation of digestive efficiency (Howell et al., 2001). Transport of glucose from the 

small intestine theoretically may limit starch metabolism (Owens et al., 1986). A sodium-

dependent glucose transporter (SGLT1) is present in the small intestinal brush border 

(Lodish et al., 2003). SGLT1 plays an important role in glucose absorption and is a 

potential candidate gene that needs more investigation. 

2.1.2.3 Body composition and metabolism 

Body composition is an important factor affecting the variation in feed efficiency 

and accounts for 5 percent of the genetic variation in RFI (Richardson and Herd, 2004). 
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Protein and fat gain require different amounts of energy for synthesis and maintenance, 

so differences in body composition may reflect differences in feed efficiency. Fat 

contains more energy than protein, so subsequently fat requires more energy for accretion 

than protein. Conversely, protein maintenance requires more energy than fat (Caton et al., 

2000). The positive correlation between protein degradation rate and maintenance 

requirements means that cattle with a low rate of protein degradation require less 

maintenance energy and grow faster than those with a high rate of protein degradation 

(Castro Bulle et al., 2007). Protein gain can be increased without affecting the 

requirement for maintenance energy when the protein degradation rate decreases (Castro 

Bulle et al., 2007). Protein accretion requirement decreases as the animal ages while the 

accretion of fat continues and depends on the availability of energy and the efficiency of 

metabolic processes (Caton et al., 2000). To optimize the amount of fat in the carcass and 

maximize lean growth, commercial beef production practices have manipulated age at 

which an animal is slaughtered. Ultrasound measures (Rib eye area, back fat thickness 

and marbling score) can account for 4 percent of the variation in RFI (Montanholi, et al., 

2010). Fat deposition was positively correlated with RFI in Angus heifers (Lines et al., 

2009) and in Angus and Hereford crosses (Castro Bulle et al., 2007). Inter-muscular and 

body cavity fat were reduced in response to selection for low RFI (Richardson et al., 

2001; Basarab et al., 2003). Selection for low RFI increased the marbling score, as RFI 

has a negative genetic correlation (-0.44) with the carcass marbling score in the finishing 

period (Crews et al., 2003). Conversely, marbling score was positively correlated (r = 

0.26) with RFI (Ahola, et al 2011). Adjusting RFI for back fat and marbling score 

removes the relationship between RFI and body fat (Basarab et al., 2003). There were no 
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differences between high and low RFI in kidney, pelvic and heart fat (% KPH fat), 

ultrasound rib area, hot carcass weight (HCW), USDA yield grade, marbling score or 

quality grade (Baker et al., 2006; Nkrumah et al., 2004; Ahola, et al., 2011), indicating 

that selection for RFI does not adversely affect improvements made in meat quality and 

carcass traits. 

2.1.2.3.1 Protein turnover 

Muscle growth in the animal is the result of a balance between the processes of 

synthesis and degradation of protein, where maintaining muscle was considered 

metabolically expensive compared with building it (Caton et al., 2000). Protein turnover, 

tissue metabolism and stress accounted for approximately 37 percent of the variation in 

RFI (Richardson and Herd, 2004). Protein turnover accounted for 42 percent of total GIT 

energy use in ruminants (Baldwin and Sainz, 1995). Moreover, protein synthesis 

accounted for 23 percent of total energy use in the whole body in ruminants (Caton et al., 

2000). As the rate of protein degradation increases, maintenance energy increases (0.0166 

Mcal/kg
0.75

d
-1

 for each increase in protein degradation rate by one percent) (Castro Bulle 

et al., 2007). 

There is some evidence that supports the association between RFI and protein 

degradation and accretion in the whole body. First, the percentage of whole body 

chemical protein at slaughter is negatively correlated with RFI in growing animals 

(Richardson et al., 2001). The second piece of evidence is that blood urea, which is 

produced from NH3 from amino acid degradation in the liver and rumen or from non-

protein N degradation in the rumen, positively correlated with the estimated breeding 
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value of RFI (Richardson et al., 2004). This relationship suggests that the protein 

degradation rate in high RFI animals is higher than in low RFI animals. There may be 

some variation between high and low RFI in the efficiency of microbial protein and NH3-

N production in the rumen, since blood urea concentrations have the same pattern as 

ruminal NH3-N concentrations (Paengkoum et al., 2010; Kazemi-Bonchenari et al., 

2010). The concentration of serum urea in mature cows is higher than in growing 

animals, as the efficiency of using nitrogenous substances is greater in growing animals 

than in mature cows (Otto et al., 2000). The third piece of evidence is that blood aspartate 

amino transferase is positively correlated to RFI and is an indicator of high levels of 

catabolism in the liver (Mori et al, 2008). The difference between young and mature cows 

in activity of blood aspartate amino transferase was not significant, but slightly more 

elevated in young cows (Otto et al., 2000). 

Several methods use isotope-labelled amino acids to measure actual protein 

synthesis in vivo. The use of isotope-labelled amino acids enables researchers to study the 

effect of the endocrine system on protein synthesis and degradation (Squires, 2003). 

Components of cellular protein synthesis can be measured in two ways; translation 

capacity, which is defined as grams of RNA per gram of protein; translation efficiency, 

which is defined as the quantity of protein synthesized per gram of RNA (Lobley, 1998). 

Both translation capacity and efficiency decline as an animal matures. This might explain 

the decrease in growth that is observed as age increases (Lobley, 1993). High translation 

capacity and efficiency can be used as criteria to select for protein gain to particular 

tissues (Lobley, 1998). The GIT and liver together represent 37.5 percent of whole 

animal body protein synthesis, while muscle and total carcass account for 22 and 25 
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percent, respectively (Caton et al., 2000). Theoretically, the energy cost of protein 

deposition plus the energy required for adenosine triphosphate (ATP) synthesis, is about 

26 kJ/g of protein deposited, but the majority of estimated values were about 42-54kJ/g, 

assuming the difference is due to protein turnover (Buttery, 1981).  

Degradation of muscle protein occurs through three major pathways: 1) 

lysosomal, 2) Ca+ dependent and 3) ATP ubiquitin pathways (Grizard et al., 1995). 

Lysosomes have the ability to degrade different types of biological substances because 

they have lipases, carbohydrases, nucleases and proteases (De Duve 2005). The calpain 

system is a Ca+ dependant pathway responsible for specific cleavage in structural 

cytoskeleton proteins. The calpain system has a large number of enzymes in skeletal 

muscle (two μ and m calpains, the muscle specific p94 calpain, and the calpain-specific 

inhibitor, calpastatin) (McDonagh et al., 2001). Selection of efficient animals may reduce 

myofibre degradation through inhibition and decreased activity of calpains. This may 

decrease energy expenditure in the muscle of efficient steers and contribute to increase 

the concentration of blood urea (McDonagh et al., 2001). The degradation process by the 

ubiquitin-proteosome system takes place in two steps: 1) recognition by ubiquitin 

enzymes followed by the destruction within the 26S proteasome (Glickman and 

Ciechanover, 2002). The three previously mentioned pathways could be potential 

indicator traits for feed efficiency in beef cattle. 

Protein turnover is controlled by complex hormonal systems. For instance, 

hormones such as testosterone, estradiol, progesterone, steroid analogues (zeranol) and 

synthetic steroids (trenbolone acetate and melengestrol) are used as anabolic agents 
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(Squires, 2003). Steroid hormones are used within the animal livestock industry to 

regulate the ratio of lean-to-fat growth (Lobley, 1998). Over 90 percent of beef cattle in 

the USA are implanted in the feedlot (Beermann and Frank, 2005). The implant 

combination of trenbolone acetate (TBA) and estradiol (E2) increases average daily gain 

(ADG) 21% and feed efficiency by about 13% (Johnson et al., 1996). In addition, ß- 

adrenergic agonists (zilpaterol hydrochloride (60 mg per steer per day) and ractopamine 

hydrochloride (300 mg per steer per day)) are reported to increase ADG, hot carcass 

weight, carcass yield and Rib eye area and decrease feed intake (Avendano-Reyes et al., 

2006; Montgomery et al., 2009). Zilpaterol is reported to decrease DMI by 6.2 percent in 

heifers and 2 percent in steers (Montgomery et al., 2009). The anabolic agents, estrogenic 

and androgenic agents, increase protein synthesis and decrease fat deposition which leads 

to an increase in carcass protein accretion (Johnson et al., 1996). Implantation of feedlot 

cattle with steroids can significantly affect USDA quality grade marbling score (Bryant et 

al., 2010) and increase Bratzler shear force (WBS) values which results in tougher beef 

(Schneider et al., 2007). An alternative strategy to improve performance and efficiency is 

to select for desirable alleles in genes in the pathways modified by metabolic modifiers. 

Some other hormones that also regulate protein turnover are given in Table 2.1. 

2.1.2.3.2 Ion transport 

Ion transport, mainly Na+, K+ ATPase (maintenance of membrane potential), and 

protein turnover (the combined acts of protein synthesis and degradation) accounted for 

62-92 percent of liver and GIT tissue energy use (oxygen consumption) (McBride and  
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Table 2.1. Hormones regulating protein turnover. 

Hormone Action 

  

Glucocorticoids Anti-insulin mechanism 

  

Thyroid Induces synthesis of cellular RNA and regulatory 

proteins  

  

Growth hormone Muscle protein synthesis 

  

Testosterone  Whole body N retention 

  

IGF-1 Regulator of muscle growth and protein 

  

Insulin Inhibitor of protein breakdown at low feed intake 

levels. 

  

Source: adapted from Lobley (1998) 
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Kelly, 1990). The abundance of pancreatic ATP synthase and Na+/K+ ATPase increased 

(P<0.01) with increased DMI (Wang et al., 2007). Na+-K+-ATPase is the major 

metabolic process consuming energy (McBride and Kelly, 1990; Kelly and McBride, 

1990) and represents about 22-61 percent of the gastrointestinal tract’s energy 

expenditure in ruminants (Caton et al., 2000). The mechanisms that regulate Na+-K+-

ATPase were reviewed by Therien and Blostein (2000), who suggested the following 

candidate genes and pathways for further research: the blood group antigens, cytoskeletal 

proteins (spectrin, actin, adducing, pasin, and ankyrin), endogenous cardiac glycosides, 

corticosteroids (aldosterone, glucocorticoids), catecholamines (dopamine), protein 

kinases, and peptide hormones (insulin). Na+-K+-ATPase and pathways that regulate it 

provide potential candidate genes to be tested for association with feed efficiency. 

2.1.2.4 Activity 

Standing, walking and other physical activity that contracts muscles contribute to 

33 percent of the muscle tissue’s energy expenditure, and account for 5-9 percent of total 

body energy use (Caton et al., 2000). In chickens, physical activity contributes to 29-

79 percent of the variation in maintenance requirements (Luiting et al., 1991). In pigs, 

physical activity can account for 47 percent of the variation in RFI (DeHaer et al., 1993). 

In cattle, physical activity accounts for 5 percent of the variation in RFI (Herd et al., 

2004b). However, general activity and feeding activity accounted for 10 percent of RFI 

variation. Animals in the low RFI group walked less and spent less time in the feeding 

stall than animals in the high RFI group (Richardson and Herd, 2004). There were 

activity differences between high, medium and low RFI groups where the correlations 
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between the number of visits to the feeder and the time of feeding with RFI were 0.14 

and 0.13 respectively (Basarab et al., 2003). Further, a significant relationship between 

the time of feeding and methane production (0.55), negative relationships (-0.47 to -60) 

between the time of feeding and DMI and protein digestibility, and digestible, 

metabolizable and retained energy were reported by Nkrumah et al., (2006). The 

relationships between feeding behaviour characteristics and RFI have also been 

investigated. Feeding behaviour traits explained 18 percent of the variation in RFI 

(Montanholi, et al., 2010). Inefficient animals (high RFI) consumed larger meal sizes, 

had a faster rate of feed consumption, and visited the feeder more often compared with 

efficient animals (low RFI). Traits such as time at the feeder or visits to the feeder are 

potential predictors to evaluate the feeding behaviour of beef cattle (Montanholi, et al., 

2010). 

2.1.2.5 Thermoregulation and partitioning energy 

There are significant relationships between RFI and how energy is partitioned. 

High RFI steers have higher metabolizable energy intake, retain more energy and 

produce more heat compared to steers with low RFI (Basarab et al., 2003; Nkrumah et 

al., 2006). These researchers suggest the reason for the difference in heat production was 

due to the difference in the weight of the liver, stomach and small and large intestine, as 

their results indicated that a significant difference between high and low RFI animals 

with respect to the weights of these organs. In mice, heat production is associated with 

feed intake for maintenance (Nielsen et al., 1997). Selection for low heat production 

reduced in feed intake (adjusted to metabolic body weight) by 15 percent compared with 
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the control line (McDonald and Nielsen, 2007). The relationship between infrared (IR) 

thermography traits and RFI was evaluated using an IR camera, where images were taken 

of different body locations (eye, cheek, snout, ribs and hind area) (Montanholi et al., 

2010). Efficient steers (low RFI) had lower cheek and snout temperatures. They 

recommended (IR) thermography traits as indirect indicators for evaluating RFI in beef 

cattle, as IR thermography could account for 24 percent of the variation in RFI. 

2.2 Approaches in genetic improvement for feed efficiency in beef cattle 

2.2.1 Traditional genetic evaluation 

Traditional breeding programs use the available information from phenotypes on 

animals and their pedigree for genetic evaluation. In these programs, Expected Progeny 

Differences (EPDs) are used to predict the genetic merit of candidates for selection. 

Improvement has been successful in the poultry industry using the traditional approach of 

genetic evaluation based on phenotypes and pedigree for some traits such as body weight. 

Also, improvements in beef cattle have occurred using the same approach. For instance, 

based on the phenotypes only, it is possible to select for improved weaning weight with 

little or no change in birth weight, based on the genetic trends of birth and weaning 

weight at the commercial level (Wang et al., 2005). However, young animals often do not 

have some traits, such as carcass traits and feed efficiency, measured due to their age, so 

the genetic evaluation is based on the average of their parents. In this case, the genetic 

value of full or half siblings (i.e., the dam was unknown) would be assumed to be the 

same. However, this is incorrect, since a random sample of only half the parents’ alleles 

has been obtained. Accordingly, the accuracy of the genetic value is relatively low 
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(Garrick and Golden, 2009). Additionally, for traits that are measured after slaughter or 

late in life, it is time consuming to collect progeny performance data to develop a 

progeny test (Schaefer, 2006). Genetic improvement in difficult-to-measure traits has 

been limited, as a large-scale measurement of the trait remains costly. 

Over the last decade, many research efforts have focused on genetic parameter 

estimates of feed intake and efficiency and their relationship with other economic traits 

(Arthur et al., 2001a,b; Herd and Bishop, 2000; Schenkel et al., 2003; Baker et al., 2006; 

Nkrumah et al., 2007b; Crowley et al., 2010), providing evidence of genetic variation and 

the potential for genetic improvement in RFI. However, little research has focused on 

feed efficiency in a multiple trait selection index (Crews et al., 2005b). Archer et al., 

(1999) explained the reasons for this as a lack of variance and co-variance estimates with 

other economic traits.  

Inclusion of FCR in a linear selection index invalids that index because it is a 

ratio (Gunsett, 1984). On the other hand, RFI can be used in a selection index as selection 

for RFI results in linear responses in its component traits. The feed utilization efficiency 

of an animal can be examined using RFI with accurate measurements of feed intake, 

body weight (Van der Werf, 2004) and other traits involved in its calculation. The genetic 

and statistical properties of RFI have been discussed, and it has been shown that a 

selection index with feed intake and body weight is equal to a selection index with RFI 

and body weight in total merit change and index accuracy (Kennedy et al., 1993; and Van 

der Werf, 2004). Selection responses based on economic indices derived from two 

parameterizations of a profit function for a typical herd of beef cattle were compared 
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(Abo-Ismail et al., 2008). The first of these included both expected feed intake and RFI; 

and the second, overall feed intake. The expected response from selecting the two 

indices, using selection index theory, was identical for a general population. Therefore, 

when included directly in a selection index in a breeding program, an EPD for RFI 

provides no additional advantage over an approach where feed intake and all traits related 

to profitability are included, as RFI is simply feed intake adjusted for performance. Feed 

intake can be incorporated directly when combined with production in a selection index.  

2.2.2 Physiological markers 

Physiological or biomarkers are substances, molecules or characteristic traits that 

can work as indicators to distinguish differences between animals or predict their 

breeding values for one or more traits. Basically, if a particular physiological marker is 

correlated to RFI and easily measured in the live animal, it can be used as an indicator 

trait for RFI. While they are not as good as actually measuring RFI, they are better than 

no measure at all, which may be the alternative. Ideally, these markers are inexpensive 

and easily obtained from selection candidates.  

Based on the discussion of biological mechanisms contributing to RFI, the main 

challenge in dissecting the genetic variations in feed efficiency is that feed efficiency 

traits are controlled by many mechanisms, suggesting many physiological markers. One 

of the proposed criteria for evaluating feed efficiency is physiological markers (Herd et 

al., 2004a; Lancaster et al., 2008) (e.g., insulin-like growth factor 1 (IGF-I)). IGF-I serum 

concentrations were associated with growth and efficiency of feed utilization in beef 

cattle (Stick et al., 1998; Moore et al., 2005; Davis and Simmen, 2006). Results from 
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Lancaster et al. (2008) in a study using divergent selection for serum insulin-like growth 

factor-I concentration reported a minimal genetic relationship between serum IGF-I 

concentration and RFI, suggesting the effect of body composition and time of sampling 

on this relationship. IGF-I concentration was reduced by in-breeding and the reduction 

might decrease BW and BW gains (Davis and Simmen, 2010). Some biological markers 

showing a relationship with RFI were reported by Richardson and Herd (2004) and are 

summarized in Table 2.2. β-hydroxybutyrate is also reported to be a biological indicator 

of feed efficiency in beef cattle (Kelly et al., 2010). Glucocorticoids (fecal cortisol 

metabolites) are potential indicator traits for feed efficiency in beef cattle as they are 

significantly associated with RFI (Montanholi et al., 2010). In this study, glucocorticoids 

accounted for 7 percent of the variation in RFI. More efficient steers had higher fecal 

cortisol compared with less efficient steers. Physiological markers can be good indicators 

of feed efficiency in genetic improvement programs in beef cattle, although no marker 

has successfully explained enough of the variability in RFI that it has become part of 

routine improvement programs. Candidates for physiological markers are also candidates 

for genetic markers. For example, if IGF1 is a good physiological marker, then it is also 

likely to be a good candidate gene. 

2.2.3 Genomic approach 

DNA markers (e.g., SNP and microsatellite) (Georges, 2007; Sherman, 2008a,b; 

Sherman, 2009) are considered to be a potential tool for genetic improvement in beef 

cattle and other species. Selecting animals using genomic information such as MAS 

allows genetic predictions for expensive or difficult-to-record traits or traits that require  
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Table 2.2. Proposed biological markers and their relationship with RFI. 

Measures The related biological process 
Correlation 

with RFI 

   

Leptin Increases body fat Positive 

   

Urea Negatively correlated with lean growth or protein 

content and positively correlated with back fat 

Positive 

   

Creatinine Positively correlated with body mass and less fat Negative 

   

Total plasma protein A source of amino acid in protein synthesis Positive 

   

Calpastatin Decreases protein degradation Negative 

   

Blood viscosity Increased as a result of increase in total plasma protein Positive 

   

Blood cortisol An indicator of response to stress Positive 

   

Β-hydroxy butyrate Product of lipolysis under stress conditions Positive 

   
Source: adapted from Richardson and Herd (2004) 
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slaughter of the animal which have seen limited genetic improvement by traditional 

means (Dekkers, 2004). MAS is the process of selecting a particular individual based on 

DNA genetic markers at an early stage of the animal’s life in a specific breeding 

program. Three types of markers have been used commercially to assist selection. They 

are linkage equilibrium (LE), linkage disequilibrium (LD) and gene markers (Dekkers, 

2004). If the selection is based on LE, linkage LD and within-gene markers, the selection 

process is termed LE-MAS, LD-MAS, and gene-MAS, respectively (DeKoning et al., 

2003). As a result of the low linkage disequilibrium between LE markers and the QTL, 

and also because of the change in linkage phase from one family or breed to another, the 

use of LE markers as a tool for selection has been limited (Dekkers, 2004). LD markers 

simplify implementation at the commercial level as they have strong LD with QTL across 

families, especially after the discovery of high density markers across the bovine genome 

(Goddard, 2009a). Gene-MAS is favorable for implementation and long-term genetic 

response as it is based on a mutation that is responsible for QTL effect (Dekkers, 2004). 

This type of mutation is termed quantitative trait nucleotide (QTN). Two steps have been 

reported in implementing MAS. The first is to determine the effects of the markers in the 

reference population: the second is to predict the genetic values (marker estimated 

breeding value, MEBV) for animals based on estimated effects in the selection 

population, whether they have phenotypes or not (Hayes et al., 2009).  

There are multiple ways to exploit DNA marker information in the selection 

process. Two approaches proposed to use genetic markers for detecting genes or QTL on 

the genome responsible for variation in economic traits such as RFI are the candidate 

gene approach and the whole genome scan. 
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2.2.3.1 Candidate gene approach 

The candidate gene approach has been suggested to identify QTL for difficult-to-

record traits as it requires less phenotypic data than the whole genome scan method 

(Dekkers, 2004). Also, genes involved in molecular processes related to the trait can be 

potential candidates or QTL (Goldstein et al., 2003; Zhu and Zhao, 2007) as they might 

harbour a functional mutation that is directly associated with the variance in the trait of 

interest (Anderson and Georges, 2004). These QTL or markers can be facilitated in MAS 

(Dekkers and Hospital, 2002). In the candidate gene approach, even QTL with a small 

effect can be detected. In addition, candidate gene approach lowers the chance of 

negative effects on other desirable traits, as long as the gene is specific for the trait of 

interest. However, the candidate gene approach has two challenges. First, most economic 

traits are controlled by a large number of genes, so it is difficult and expensive to 

evaluate all of them. Also, the proportion of variance explained by each candidate is 

relatively small (Goddard 2009b). The second problem is that the biological function of 

most genes is not totally understood, so sometimes it is difficult to identify the major 

QTL affecting these traits. In addition, sometimes the association between a SNP within a 

particular candidate gene and the trait results from high linkage disequilibrium between 

the identified SNP and flanking QTN in the same gene or in a different candidate gene. 

Nkrumah et al. (2005) reported an association between the SNP in the promoter 

region of the bovine leptin gene with serum leptin concentration and feed intake, and 

feeding behaviour in crossbred beef cattle. Kolath et al. (2006a) provided evidence of a 

link between mitochondrial respiration and feed efficiency, suggesting mitochondrial 
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uncoupling proteins 2 and 3 as potential candidate genes affecting feed efficiency in beef 

cattle. SNPs were found by Sherman at al. (2008a) in some candidate genes with feed 

efficiency and performance traits. They selected the candidate genes based on their 

involvement in physiological pathways related to feed efficiency and the animals’ 

performance. Their results are summarized in Table 2.3. 

2.2.3.2 Whole genome association study (WGAS) 

Identification of 2.44 million SNPs in the bovine genome (Gibbs et al., 2009; Eck 

et al., 2009) and the continued advances in sequencing and high-throughput genotyping 

methods are powerful tools for producing high-density SNP chips used in WGAS, for 

mapping QTL, comparative genomics and subsequent use of genomic information in 

cattle breeding. As discussed earlier, feed efficiency traits are controlled by many genes. 

In terms of accuracy, the correlation between genomic (based on the markers) and true 

breeding value for each animal (using MAS based on a single or a few markers) has low 

accuracy (Goddard and Hayes, 2007). This is because most quantitative traits are 

controlled by a large number of QTL so the proportion of variation explained by just one 

or a few markers will be small (Hayes and Goddard 2010) compared to a larger panel 

with markers associated with most QTL (Meuwissen et al., 2001), which could explain 

most of the variation in the trait. Also, the estimated genetic marker effects are not biased 

upward because of multiple hypothesis testing. Therefore, a WGAS is currently the best 

solution to overcome this challenge. The form of MAS that uses a large number of 

markers across the genome is known as genomic selection (Meuwissen et al., 2001).  
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Table 2.3. Candidate genes significantly affect some economic traits in beef cattle 

Gene Traits significantly affected* 

  

Bovine neuropeptide y (NPY) ADG, FCR, CMAR, BW 

  

Growth hormone receptor (GHR) ADG 

  

Ghrelin (GHRL) RFI, FCR, PEG 

  

Uncoupling protein 3  ADG, PEG, FCR 

  

Uncoupling protein 2 ULMA, yield grade, DMI 

  

IGF2 insulin-like growth factor2 BF, ULMA, ADG, FCR 

  
Source: Adapted from Sherman et al. (2008a). 

* LM is lean meat yield, PEG is partial efficiency of growth, CMAR is carcass marbling score, and ULMA 

is ultrasound loin muscle area. 
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Different WGAS have reported that a small proportion of genetic variation in 

complex traits can be explained by the significant SNP DNA markers (i.e., the SNP 

passed the significant threshold after adjusting for multiple testing) (Hayes et al., 2009; 

Hayes and Goddard, 2010). For instance, genetic markers identified using WGAS 

explained about 3.5 percent of the genetic variation in the response of milk yield to heat 

stress and level-of-nutrient traits (Hayes et al 2009). The same trend has been seen in 

human height as the significant SNP explained around 2 percent of that genetic variance 

(Visscher 2008). Practically speaking, however, markers need to explain a larger 

proportion of the genetic variation to make the application of MAS successful. 

The density and distribution of markers determine the effectiveness of QTL and 

fine mapping using WGAS.  Large numbers of markers can now be genotyped easily and 

cost effectively using tools such as the Illumina 50K Bovine BeadChip (Matukumalli et 

al., 2009) or the coming Illumina and Affymetrix 800K panels (Rolf et al., 2010) to 

accurately detect these QTL. The majority of these SNPs will have no effect (i.e., neutral) 

on the studied traits, and only a small proportion of this large number of SNPs genotyped 

control the trait or QTN. Nonetheless, 800K panels provide much a finer resolution than a 

50K chip for mapping the QTN located in coding or regulatory regions. The inter-marker 

distance in 800K panels (3.8Kbp) (Rolf et al., 2010) is shorter than in 50K panel (40-

60Kbp) (Bohmanova et al., 2010). The discovery process of QTN relies on the 

associations (linkage disequilibrium, LD) between alleles of SNPs in the chip panel and 

the causative mutations or QTN.   



30 

 

Recently, Barendse et al. (2007) reported a WGAS with a panel of ten thousand 

SNPs to detect putative QTL for feed efficiency. Nkrumah et al. (2007a) reported a 

genome scan for QTL affecting feed intake and feed efficiency with 455 genetic markers 

consisting of 100 microsatellites and 355 SNPs. To date, most of the identified QTL in 

cattle have been reported in the Animal Quantitative Trait Locus (QTL) database 

(AnimalQTLdb) (Hu et al., 2007) where 159, 60, and 54 QTL were reported for RFI, 

FCR and DMI, respectively. 

2.2.3.2.1 Method of estimating markers’ effects 

One of the major factors making the use of genomics information feasible in a 

cattle-breeding program is the development of high density SNP data analysis methods. 

The main challenge in the analysis of such data (i.e., 10K, 50K, 800K SNP) is the 

number of phenotypic records, which are often fewer than the genetic markers, leading to 

an over-parameterization problem in the fitted model. Therefore, it is impossible to use 

least square methods to calculate SNP effects simultaneously (Goddard and Hayes 2007). 

The effect of each SNP can be estimated individually and tested to pass a particular 

significance level. In this case, the significant effects are overestimated, and only a large 

QTL can be detected (Goddard and Hayes 2007). Different methods have been reported 

for estimating the effect of a large number of genetic markers such as SNPs or 

chromosome segments (i.e., haplotypes: a set of adjacent alleles on different loci that are 

inherited together). These methods were classified by (Xu, 2007) as follows: 

A. Variable selection methods: 

- Stepwise regression (Habier et al., 2007) 
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- Partial least squares (Moser et al., 2007),  

- Principle component regression (Benjamin and Nicola, 2004) 

- Machine learning methods (Long et al., 2007), 

B. Shrinkage methods:  

- The Bayesian methods of (Meussen et al., 2001) and Xu (2003) 

- LASSO (Xu, 2007) 

- Ridge regression (R-BLUP) (Xu, 2003)  

- Bayesian variable selection (George and McCulloch, 1993). 

In the training dataset or discovery population, the SNP effects are calculated to 

drive the prediction equation using phenotypes and genotypes data. In deriving the 

prediction equation, different prior assumptions of the distribution of SNP effects are 

proposed in the different statistical methods. Assumptions of different methods (Hayes 

and Goddard, 2010) are summarized in Table 2.4. 

The most common strategy for constructing a small panel of the most predictive 

SNPs from a high density SNP panel such as 50K is to use variable selection methods 

such as stepwise regression to select the most significant SNPs to predict the value of 

candidate. There are two main challenges with this approach. First, the number of SNPs 

that must be genotyped is increasing when the devolved panel will be implemented in a 

multiple-trait breeding program. Second, this approach assumes that the trait of interest is 

controlled by a small number of QTL which is not the case for quantitative traits.. Based 

on simulated data, evenly spaced low density SNP panels could be used as an alternative  
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Table 2.4. Different prior assumptions of the distribution of SNP effects were 

proposed in different statistical methods. 

Name Reference Assumed 

distribution 

of SNP effects 

Implication 

    

BLUP Meuwissen et 

al. (2001) 

Normal A very large number of QTL with 

small effect 

    

BayesA Meuwissen et 

al. (2001) 

t distribution A large number of QTL with small 

effect and a small proportion with 

moderate to large effect 

    

BayesB Meuwissen et 

al. (2001) 

Mixture distribution 

of zero effects and t 

distribution of 

effects 

A large number of genome regions 

with zero effect; a small 

proportion of QTL with moderate 

effects 

 

    

Bayesian 

LASSO 

Yi and Xu 

(2008) 

Double exponential 

distribution of 

effects 

Very large proportion of SNP with 

effect of close to zero; small 

proportion with moderate to large 

effect 

    

BayesSSVS Verbyla et al. 

(2009) 

Mixture distribution 

of zero effects and t 

distribution of 

effects 

A large number of genome regions 

with almost zero effect; a small 

proportion of QTL with moderate 

effects 

    
Note: The name of the method is taken from the first paper describing it. 

Source: Hayes and Goddard (2010). 
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for high density SNP panels within a family, regardless of the number of QTL for traits 

(Habier et al., 2009). 

2.2.3.2.2 Accuracy of genomic estimated breeding value (GEBV) 

Different factors affect the accuracy of estimating GEBV. Two main parameters 

controlling the accuracy of GEBV were discussed by Goddard et al. (2010). The first 

parameter is the variance explained by the markers (e.g., SNP); the second is the 

accuracy of estimating the markers or SNP effect. The genetic variance explained by the 

genetic markers depends on the LD between the marker alleles and QTL alleles. The 

factors affecting the LD subsequently affect the accuracy of GEBV. The LD (r
2
) could be 

predicted by employing the Sved (1971) formula: 

E(r
2
) = 1/(4Nec +1)        (3) 

where Ne is the effective population size and c is the chromosome length in Morgans. LD 

increases as the distances between markers decrease, indicating that at least a 50K chip 

panel is required for having r
2
 ≥ 0.2 across breeds (de Roos et al., 2008, Khatkar et al., 

2008). The LD phase is also affected by the distances between markers where the LD 

phase is consistent across cattle populations at distances < 10kb (r
2
 > 0.62) (de Roos et 

al., 2008; Khatkar et al., 2008), indicating that SNP panels developed from SNPs with 

high LD with QTN are valid for use across breeds or populations. Accordingly, the use of 

Illumina and Affymetrix 800K panels instead of Illumina 50K Bovine BeadChip at 

3.8 Kb intervals will provide high power for genome selection and QTL mapping. The 

effect of effective population size can be illustrated through the ratio of M/NeL where M 

is the number of markers and L is the length of the genome (Morgan) (Goddard et al., 
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2010). As the effective population size decreases, LD and the accuracy of GEBV 

increase. 

Different factors influence the accuracy of estimating markers or SNP effects. The 

statistical methods of estimating genetic markers affect the accuracy of GEBV as they 

have different assumptions about the distribution of SNP effects, as stated previously. 

The method that can describe the true distribution of marker effects increases the 

accuracy of GEBV. It is more accurate to measure the effects following leptokurtotic than 

normal distribution, as leptokurtotic has some SNPs with large effects that can be 

accurately detected (Goddard et al., 2010). Least squares, stepwise and ridge regression 

were compared along with Bayesian methods (Meussen et al., 2001; Habier et al., 2007). 

The highest accuracy of GEBVs was obtained from the BayesB method of Meussen et al. 

(2001). When the evaluated trait is controlled by a low number of QTL, BayesB produces 

a higher accuracy than GBLUP, whereas in the case of a trait controlled by a large 

number of QTL, GBLUP had a slightly higher accuracy than BayesB. 

The accuracy of genomic breeding values for progeny having no phenotypes is 

the same whether SNP or haplotypes are used when the level of LD is r
2
= 0.215 (Calus et 

al., 2007). The accuracy of estimating SNP effects is based on the ratio of Th
2
/NeL 

(Goddard et al., 2010) where T is animals having genotypes and phenotypes and h
2 

is 

heritability. The accuracy of GEBVs obtained from different statistical methods is 

different based on the number of phenotypes available for analysis. For example, the 

accuracy of GEBV declined by 21 and 17 percent for BLUP and BayesB, respectively, 

when the phenotypic records were decreased from 2,200 to 500 records (Meuwissen et 
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al., 2001). Based on the Th
2
/NeL ratio, low heritability traits require more phenotypic 

records to obtain a highly accurate GEBV. The heritability estimates affect accuracy as 

the higher the heritability, the better the accuracy (Guo et al., 2010). 

2.2.3.2.3 The importance of across populations and breeds evaluation 

Genetic evaluation of crossbred or composite lines would benefit to a great extent 

from genomic selection where the genetic markers are linked to the QTL across breeds 

contributing to the composite or cross (Piyasatian et al., 2006). In North America, the 

performance of the commercial production animal occurs in crossbred or composite 

animals. Therefore, first, the genetic evaluation of these traits or estimating genetic 

marker effects has to account for breed proportion in the genetic analysis to avoid 

population stratification (Toosi et al., 2010). Second, including different breeds in the 

discovery population allows a prediction equation to be driven, which can be used across 

breeds (Goddard, 2009b). Evaluating across populations is important as it determines how 

the developed genetic marker panels are applied in MAS in the beef industry. The recent 

effective population size (Ne>10000) in multi-breed cattle populations (e.g., beef cattle 

populations) is higher than in within breed populations (Ne<200) (Goddard et al., 2010), 

indicating that a large number of SNPs (300K SNP, i.e., SNP per 10Kb) is necessary to 

obtain a highly accurate GEBV in multi-breed populations (de Roos et al., 2009; 

Goddard, 2009a; Khatkar et al., 2008) to offset the small value of Th
2
 according to a 

Th
2
/NeL ratio. 

 



36 

 

2.3 Genomic-Assisted Selection for feed efficiency are a part of beef cattle genetic  

        evaluation in the future 

For beef cattle, the American Angus Association has combined different sources 

of information (DNA markers, pedigree and phenotypes) into one EPD, termed genomic-

enhanced EPD (Northcutt, 2009). Currently, genomic-enhanced EPDs for multiple 

carcass traits are available for Angus breeders. Regarding feed efficiency, the American 

Angus Association and Angus Genetics Inc. have released RADG EPDs as a selection 

tool for feed efficiency, using the 50K SNP panel (Northcutt and Bowman, 2010). 

Furthermore, feed efficiency is a targeted trait for many research groups in the world. The 

Cooperative Research Centre for Beef Genetic Technologies, a collaborative work 

between industry and academia from Australia, New Zealand, USA, Canada, Korea, 

Ireland, France, and South Africa (Burrow, 2008) included feed efficiency in the 

breeding objective of the molecular genetic improvement program. This work included 

different phases, such as gene or SNP discovery, validation and industry validation, with 

a final target to develop SNP chips explaining a significant proportion of variation for the 

trait that can be delivered to industry. However, a relatively small number of publications 

have examined the genetic basis of RFI (Moore et al., 2009) but promising results from 

Nkrumah et al., (2007); Barendse et al., (2007a); Sherman et al., (2008b); and Sherman et 

al., (2010) have been obtained. Full implementation of identified genetic markers in MAS 

from previous studies faces two barriers (Moore et al., 2009). The first is the lack of 

understanding of the genes’ interactions or epistasic effects on RFI. The second is the 

small number of animals in the validation data set and the data being collected from 

different environmental backgrounds. To achieve an accuracy of 0.5 in estimating the 
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molecular breeding value for a trait with heritability = 0.3, 4,000 animals are required in 

the discovery population (Goddard 2009b; Hayes et al., 2009). In the case of a small 

effective population size (Ne= 100) and a trait of high heritability (h2=0.8), 2,000 records 

having genotypes and phenotypes will produce a high-accuracy GEBV (Goddard et al., 

2010). To achieve the maximum accuracy of genomic breeding values in the training data 

set, phenotypes from different populations should be combined (De Roos et al., 2009). 

Combining phenotypes from different breeds to increase phenotypic records is required, 

as the causal gene responsible for the trait always has a rare allele (Goddard, 2009b). In 

practical terms, feed intake data is expensive and difficult to measure. As a result, the 

numbers of records and breeds represented are all very limited. Thus, phenotypic data for 

feed intake must be accumulated from different breeds and from different populations 

within breeds to produce a highly accurate GEBV.  

2.4 Implications for genetic improvement of beef cattle 

The aim of adopting new technologies, such as biological and molecular genetic 

information, is to increase the genetic gain by increasing the accuracy of selection and/ or 

shortening the generation interval (Schaeffer, 2006). Accuracy of selection is a source of 

motivation in the competition between breed associations (Golden, et al., 2009). 

Implementing molecular information in genetic evaluation programs leads to a more 

accurate estimation of the candidates’ breeding values when the molecular breeding 

values of an individual can be accurately predicted using only their genotypes (Kizilkaya 

et al., 2010). Genomic-enhanced EPDs for all economic traits are the current and future 

target for genetic improvement programs for beef cattle. A more in-depth understanding 
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of the genetic architecture of feed efficiency is possible by combining information on the 

biological basis of feed efficiency and the discovered associations between genetic 

markers and variations in RFI. This would help researchers detect QTL, explain most of 

the variation and be an obvious choice for DNA test panels. Furthermore, these panels 

would give a more accurate prediction of genomic breeding values and thus be valid for 

use across populations and countries. In addition, these panels could be affordable at the 

producers’ level as they would have a relatively small number of SNPs and therefore a 

relatively low-cost SNP assay. The panels would be a powerful selection tool for traits 

not recorded commercially, such as feed intake, or for all traits in countries that do not 

possess a national recording system.  

2.5 HYPOTHESIS 

As indicated in the literature review, there is a significant lack of understanding 

about genes affecting feed efficiency and a need for new genetic marker panels to explain 

the genetic variation in feed efficiency. In this study, it is hypothesized that the 

significant variation in feed efficiency can be explained by genetic markers such as SNPs 

located within or flanked to genes. It is also hypothesized that there are many genes, 

biological processes and pathways that control the variation in feed efficiency. Finally, it 

is hypothesized that it is possible to construct a SNP panel that can be used across breeds 

to evaluate feed efficiency in beef cattle. 
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CHAPTER 3 

IDENTIFICATION OF SINGLE NUCLEOTIDE POLYMORPHISMS 

ASSOCIATED WITH FEED EFFICIENCY AND PERFORMANCE TRAITS IN 

CROSSBRED BEEF CATTLE USING A CANDIDATE GENE APPROACH
1
 

3.1. Abstract 

Discovery of informative genetic mutations that have a significant association 

with economically important traits would benefit beef cattle breeders. Therefore, the 

objectives of this study were to identify new SNPs in nine genes involved in digestive 

function and metabolic processes, and to examine the associations between the identified 

SNPs and feed efficiency and performance traits. An in silico study was conducted to 

identify SNPs in the candidate genes. The association between SNP and daily dry matter 

intake (DMI), average daily gain (ADG), midpoint metabolic weight (MMWT), residual 

feed intake (RFI) and feed conversion ratio (FCR; F:G) was tested in discovery and 

validation populations using a univariate mixed-inheritance animal model fitted in 

ASReml. The allele substitution effect of SNP rs41256901 in pancreatic anionic 

trypsinogen gene TRYP8 showed a highly significant  

1
 Part of this chapter has been presented elsewhere: 

Abo-Ismail, M. K., M. J. Kelly, E. J. Squires, K. C. Swanson1, J. D. Nkrumah and S. P. 

Miller. 2009. Identification of single nucleotide polymorphisms influencing feed 

efficiency and performance in multi-breed beef cattle using a candidate gene approach. J. 

Anim. Sci. 87 (2): 220. 

Abo-Ismail, M. K., M. J. Kelly, E. J. Squires, K. C. Swanson1, J. D. Nkrumah and S. P. 

Miller. 2009. Improving feed efficiency, performance, and carcass traits in multi-breed 

beef cattle using a DNA test panel. Beef Research Update, Dec., 4, 2009, Turfgrass 

Institute, University of Guelph. Proceedings: P9. 
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association with FCR (P<0.001) and RFI (P<0.01) where the substitution of the T allele 

was significantly associated with -0.293±0.08 (kg DMI kg
-1

 gain) of FCR and with -

0.199±0.08 kg of RFI. The effect of SNP rs41256901 was not significant in the validation 

population but substituting the T allele showed the same phase of association with 

decreasing DMI, RFI, and FCR. In the Cholecystokinin B receptor (CCKBR) gene, 

rs42670351 was associated with RFI (P<0.05), while rs42670352 was associated with 

DMI (P<0.05) and RFI (P<0.01). SNP rs42670352 was associated with RFI (P=0.053) 

where the substitution to the G allele was associated with a 0.175±0.09 kg decrease in 

RFI. The allele substitution effect of SNP rs42670353 was significantly associated with 

ADG (P<0.01) and FCR (P<0.05) where the substitution to the G allele was associated 

with a 0.043±0.02 kg increase in ADG and a 0.114±0.05 kg gain kg
-1

 DMI decrease in 

FCR. In the validation dataset, SNP rs42670352 in gene CCKBR was significant for RFI 

and DMI, and had the same phase of associations. In addition, SNP rs42670353 was 

significantly associated with FCR with same phase of association. Genotypes in SNP 

rs43482902 in the Ubiquitin-conjugating (UBE2I) gene were significantly associated 

with MMWT kg of BW
0.75

 (P<0.05). Results from the validation study validated that the 

C allele in SNP rs42670351 was associated with decreasing DMI, RFI, and FCR. 

Substituting the G allele of SNP CCKBR2 (rs42670352) was associated with decreasing 

DMI and RFI. The current study reported new SNPs in genes TRYP8, CCKBR, 

UBQE21, PTI, ATPaseH
+
, and UCP2 being associated with feed efficiency and 

performance traits in beef cattle. The association between these SNPs with carcass and 

meat quality traits must still be tested. 

Key words: Single nucleotide polymorphism, candidate genes, feed efficiency 
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3.2. Introduction 

The success of beef production relies on the ability of the breeder to produce 

cattle economically, which consistently yield high quality beef products (i.e. high yield 

and quality grades beef). A small improvement in feed efficiency would have a 

significant influence on the profitability of the beef production system (Okine et al., 

2004). RFI is the trait of choice for improving feed efficiency in feedlot cattle as it is 

independent of growth rate and body size. Growth rate and body size have a strong and 

positive genetic relationship with mature cow weight (Bullock et al., 1993). Thus, 

selection for increased growth rate will result in increase body weight and subsequently 

increase feed intake for maintenance. Estimates of the genetic variation in feed efficiency 

(Archer et al., 1999; Arthur, et al., 2001; Schenkel et al., 2004), indicate that it is 

moderately heritable trait and this provides an opportunity for selection in genetic 

improvement programs. The difficulty of recording feed intake has been reported as a 

major limitation (Arthur, et al., 2001) towered implementation of selection for improved 

RFI. Accordingly, other criteria to evaluate feed efficiency such as DNA markers (e.g., 

Single Nucleotide Polymorphisms [SNP] and microsatellite) have been considered 

(Barendse et al., 2007; Nkrumah et al., 2007; Sherman et al., 2008ab; Sherman, et al., 

2010). 

Herd et al. (2004b) and Richardson et al. (2004a) proposed that processes 

digestion, body composition, metabolism, including biological processes such as ion 

pumping, proton leakage, and protein turnover, activity and thermoregulation contribute 

to the variation in RFI. Genes involved in these processes are good candidates for 
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improving feed efficiency. Genes such as pancreatic alpha amylase (AMY2B), cationic 

trypsin (CT), pancreatic anionic trypsinogen (TRYP8), pancreatic trypsin inhibitor (PTI), 

Cholecystokinin B receptor (CCKBR), ubiquitin-conjugating enzyme (UBE2I), 

uncoupling protein 2 (UCP2), pyruvate carboxylase (PC) and ATPase, H+ transporting, 

lysosomal 56/58kDa, V1 subunit B2 (ATP6V1B2)are associated with digestive function 

and metabolic processes. 

Identifying new SNPs in these candidate genes that are more likely to be useful 

SNP would have real value in feed efficiency selection programs. Therefore, the 

objectives of this study were to discover new SNPs in nine genes involved in digestive 

and metabolic processes and examine the relationships between these genes and feed 

efficiency and performance traits in beef cattle, and validate these associations in another 

beef cattle population. 

3.3. Materials and Methods 

3.3.1. Phenotypic data collection 

Animals were born in one of three University of Guelph cooperative herds: the 

University of Guelph Elora Beef Research Centre (EBRC), University of Guelph New 

Liskeard Agriculture Research Station (NLARS), and the Agriculture Agri-Food Canada 

Kapuskasing Experimental Farm (KAP). Calves were weaned at approximately 200 days 

of age, and were involved in various post-weaning trials at the EBRC with different 

nutritional treatments over time from 1998 to 2007. Phenotypes were collected from an 

average of 660 crossbred animals, heifers (40), steers (363), and bulls (257). Average 

breed contributions were Angus (AN) (41%), Simmental (SM) (24%), Piedmontese (PI) 
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(11%), Charolais (CH) (8%), Gelbvieh (GV) (4%) and Limousin (LM) (1%) determined 

by pedigree information on the ancestors. Body weight was recorded a number of times 

over the course of trials, with most trials recording weights at least every four weeks. The 

average daily gain (ADG) of the animals was calculated as a linear regression coefficient 

of their live weights on the actual 112 days of measurement using nlme package from R 

software (Pinheiro et al., 2011). The coefficients of determination (R
2
) for all growth 

curves averaged from 0.85 to 0.99. Midpoint metabolic weight (MMWT) was calculated 

as the midpoint body weight to the power 0.75. Daily dry matter intake (DMI) data was 

acquired by two automated feeding system; Calan-gate (American Calan; NH, USA 

(Ferris et al., 2007)) and Insentec (Insentec, Marknesse, the Netherlands (Chapinal et al., 

2007)) systems where DMI data was filtered to exclude outlier records or days due to 

occurring mechanical problems. DMI was calculated for each animal as total DMI 

divided by number of days during the test period. RFI was calculated from the difference 

between the average of the animal’s actual daily DMI and the expected DMI (Koch et al., 

1963; Arthur et al., 2001). Expected DMI was determined through the regression 

coefficients estimated from the data using a multiple phenotypic regression model as 

follows: 

yijk =  µ + β1(ADG) + β2(MMWT) + Sexi+ TTYj + eijk                                (3.1) 

where, yijk is the DMI for animal k during the feeding period, µ is the overall mean, β1 is 

the regression on ADG as determined through a linear regression of weights on days of 

trial as above described, β2 is the coefficient of the linear regression on MMWT, sexi is 

the effect of the i
th

 sex, TTY is the effect of j
th

 treatment × trial ×year (38 levels), and eijk 
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is the residual random effect associated with animal k and is the resulting RFI used in 

further analyses. The descriptive statistics of the traits are given in Table 3.1. 

3.3.2. SNP discovery 

Genes such as AMY2B, CT, TRYP8 (Le Huerou et al., 1990; Swanson et al., 

2002a), PTI (Ascenzi et al., 2003), CCKBR (Le Meuth et al., 1993; Le Drean et al., 1999; 

Rehfeld et al., 2007), UBE2I (Wing et al., 1995), UCP2 (Kolath et al., 2006a), PC 

(Jitrapakdee and Wallace 1999; Greenfield et al., 2000; Velez and Donkin, 2005; Haga et 

al., 2008), and ATP6V1B2 are involved in biological processes relevant to feed 

efficiency.  

An in silico study was conducted to discover SNPs within genes AMY2B, CT, 

TRYP8, PTI, and CCKBR, UBE2I, UCP2, PC, and ATP6V1B2
 
using the available 

Expressed Sequence Tags (EST) or Whole Genome Shotgun (WGS) traces in GenBank 

(Dennis et al., 2005). SNPs were discovered in the candidate genes in silico in three main 

steps. The first step was to obtain the ESTs or WGS required for the alignment as 

follows: (a) The reference sequence (cDNA) in FASTA format was acquired from the 

gene bank NCBI; (b) The reference sequence was aligned with the cow sequence using 

the Basic Local Alignment Search Tool (BLAST) (Zhang et al., 2000); (c) the Traces-

EST or WGS databases and the MegaBlast program using the default parameters were 

used; (d) Traces were selected and acquired from the Trace archive including Standard 

Chromatography Files (SCF).  

The second step was the SNP identification process. In this step, a DNA sequence 

assembly software called Sequencher (Gene Codes Corporation, Ann Arbor, MI) was 
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used to align the acquired sequences with the reference sequence. Using this software, 

single nucleotide polymorphisms (SNPs) were detected based on the nucleotide 

sequences and attached standard chromatography files. A change in the sequence of 

amino acids was also detected.  

The third step was to determine the position of SNP within the gene sequence. 

Briefly, the whole gene sequence was acquired from NCBI in FASTA format. Then, it 

was aligned with the reference (cDNA) and the EST using Sequencher software. The 

flanking sequences of the SNP were obtained for genotyping purposes. In total, 43 SNPs 

from nine genes were selected from the in silico results. Eighteen of the SNPs have not 

been previously reported in the public domain (Table 3.2), whereas 25 SNPs have been 

reported in the SNP database in NCBI (Table 3.3). 

3.3.3. Animal genotyping 

Genomic DNA was extracted from tissue or blood samples (Sambrook et al., 

1989; Rudi et al., 1997; Caldarelli-Stefano et al., 1999). Prepared DNA samples were 

sent to Merial Ltd. for genotyping using a commercial platform for high-throughput SNP 

genotyping and an allele-specific primer extension on a microarray (Pastinen et al., 2000; 

Makridakis and Reichardt 2001). In total, 993 animals were genotyped. 

3.3.4. Statistical analysis 

Allele frequencies were calculated for each SNP on all genotyped animals. The 

Hardy-Weinberg equilibrium (HWE) was tested using the likelihood ratio test (G-test), 

described by Lynch and Walsh (1998): 
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where, ij  and ij
~

 are the observed and the expected number of genotype gij. The extent 

of Linkage Disequilibrium (LD) between pairs of SNPs was calculated using the haploxt 

program from the Graphical Overview of Linkage Disequilibrium (GOLD) package 

(Abecasis and Cookson, 2000). The file of marker haplotypes was prepared using 

fastPHASE 1.1 (Scheet and Stephens, 2006). Haploview software (Barrett et al., 2005) 

was used to graphically view the extent of LD, assign the Haplotype blocks (i.e., SNPs 

with high LD, D’>0.77) based on the four-gamete rule (Wang et al., 2002), and identify 

the haplotype-tagging SNPs using the TAGGER algorithm (de Bakker et al., 2005). 

Genotype analysis. Associations of the genotypes for each SNP at a time with the traits 

were evaluated by genetic analysis using ASReml (Gilmour et al., 2009). An animal 

model was fitted as follows: 

Yjklm = µ + Gj + Sexk + TTYl + β1 AET + β2 AN + β3 CH + β4 LM +β5 SM +  β6  

PI +β7 GV + β8 HET + am + ejklm                                                         (3.3) 

where Yjklm is the trait measured in the m
th

 animal of the k
th

 sex and the l
th 

 

treatment trial-year group; µ is the overall mean for the trait; Gj is the fixed effect of the 

j
th

 genotype for the SNP considered; Sexk is the fixed effect of the k
th

 sex of m
th

 animal; 

TTYl is the fixed effect of the l
th 

treatment trial-year group; β1 is the regression coefficient 

of the linear regression on age at the end of test period (AET) of the m
th

 animal; β2 to β7 

are the regression coefficients of the linear regressions on the proportion of AN, CH, LM, 

SM, PI and GV breeds in the m
th

 animal; β8 is the regression coefficient of the linear 
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regression on the percent of heterozygosity of m
th 

animal; am is the random additive 

genetic (polygenic) effect of the m
th

 animal; and ejklm is the residual random effect 

associated with the m
th

 animal record. Assumptions for this model are; am: a ~ N (0, A 

σ
2
a) where A is the relationship matrix and σ

2
a is the additive genetic variance; and e : 

ejklm : e ~ (0, I σ
2
e) where I is the identity matrix and σ

2
e is the error variance. The 

expectations are E(ak) = 0; and E(ejklm) = 0; and the variances are  Var(ak) = σ
2
a; 

Var(ejklm) = σ
2
e. Aσ

2
a is the covariance matrix of the vector of animal additive genetic 

effects and the relationship matrix (A) is assumed to be complete back to the base 

population.  

For the significance level used to assess the results, an overall value of P < 0.05 

(α) was used. A modified Bonferroni correction was used (
n

 ; Mantel, 1980) to adjust 

for multi-hypotheses testing for controlling type I errors where n is the number of SNPs 

multiplied by the number of traits. Thus, the modified Bonferroni-corrected significance 

level in the discovery population is 0.0043 (
5*2 7

0 5.0 ) at α=0.05. 

Allele substitution effect model. This model included the same effects as the genotypic 

model except that the genotypic effect was replaced with an allele substitution effect, 

which is estimated by regressing the phenotype on the number of copies of a given allele 

(-1, 0, or 1) using ASReml. 

3.3.5. Validation study 

Tissue or blood samples from 1,032 animals, born after the animals used in the 

discovery population, were prepared and sent to Molecular Supercentre Laboratory 
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Services, University of Guelph, for genomic DNA extraction. Then, prepared DNA 

samples were sent to the Alberta Bovine Genomics Laboratory, University of Alberta, for 

genotyping using a commercial platform for high-throughput SNP genotyping and an 

allele-specific primer extension on a microarray (Pastinen et al., 2000; Makridakis and 

Reichard 2001). In total, animals (1,032) were genotyped for the 18 SNPs. 

A quality control (QC) procedure was conducted using the GenABEL package 

(Aulchenko et al., 2007) in R software. SNPs and animals with a low call rate (<90%) 

were excluded from the analysis. Animals with high estimation of identical by states 

(IBS) >=0.95 were excluded. SNPs with a minor allele frequency (MAF) < 1 % (e.g. 

UCP25, AMY2B6, and CT2 SNP) were excluded from the analysis. Animals with high 

autosomal heterozygosity (HET) >= 0.446 or FDR <5% were also excluded. Phenotypes 

not within the mean ± 3 standard deviation were excluded. TTY levels that had fewer 

than three animals were also excluded. The QC procedure resulted in 15 SNPs and 726 

animals being used for further analyses. 

The association analysis was carried out with a univariate animal model fitting the 

allele substitution or genotypic effect using ASReml. The model included the same fixed 

systematic effects as previously stated as well as the fixed effect of herd by year of birth. 

The modified Bonferroni-corrected significance level in the discovery population is 

0.0058 (
5*15

05.0 ) at α=0.05. 

3.4. Results  

3.4.1. Discovery population 

3.4.1.1. In silico study 
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The genotyping success rate was ranged 95 to 98% except for SNPs rs43482902, 

rs42197374, and rs41256900 which had success rates of 88.59, 0.7, and 0%, respectively. 

Genotyping results showed that eight of the 18 SNPs discovered using Sequencher were 

having two alleles in the genotyped discovery population (Table 3.4), whereas the 

remaining SNPs were fixed (i.e., only one allele was present in the genotyped 

population). SNPs genotyped for the validation study are summarized in Table 3.5. 

The population was tested for the Hardy-Weinberg equilibrium using a G-test 

where the G value has a distribution that approximates to χ2 with degrees of freedom 

equal to the number of genotypes minus the number of alleles. The total number of 

genotyped animals, the allelic frequencies and the G value for each SNP are reported in 

Table 3.4. SNPs rs42312301, rs42670352, CT2, CT5, rs42197374, rs43024409, PTI2, 

rs41257167, rs41256901, and rs43482902 were not in Hardy-Weinberg equilibrium. 

The values of LD (r
2
) for each marker pair on a given chromosome are presented 

in Table 3.6. Values ranged from 0.0 to 0.991. LD between SNPs within CCKBR and 

UCP2 was less than 0.1, whereas r
2
 was 0.243 between gene CT (SNP CT2) and gene 

TRYP8 (SNP TRYP81). The SNPs in UBQE21 were highly linked, r
2
 ranged from 0.741 

to 0.991. In addition, the extent of LD was high, ranging from 0.215 to 0.965, between 

the SNP pairs in ATP6V1B2. The extent of LD between SNP pairs is presented 

graphically in Figure 3.1 using Haploview. 

3.4.1.2. Pancreatic anionic trypsinogen (TRYP8) 

In gene TRYP8, substitution with the T allele of SNP rs41256901 was associated 

with a decrease of 0.184 kg in DMI (Table 3.7, P=0.084), a decrease of 0.298 kg DMI/kg 



50 

 

gain in FCR (Table 3.7, P<0.001) and a decrease of 0.199 kg in RFI (Table 3.7, P<0.01). 

In addition, substitution with the T allele of SNP rs41256901 was associated with an 

increase of 0.038 kg in ADG (Table 3.7, P=0.128). rs41256901 was significantly 

associated with FCR where genotype CC had greater FCR (5.1%) than CT genotype 

(P<0.001).  

3.4.1.3. Cholecystokinin B receptor (CCKBR) 

The allele substitution effect of allele C in SNP rs42670351 was not significantly 

associated with RFI (Table 3.8, P>0.05). Genotypes in SNP rs42670351 tended to affect 

ADG (Table 3.8, P<0.1) and were significantly associated with RFI (Table 3.8, P<0.05).  

Substitution to the G allele of SNP rs42670352 tended to be associated with a 

0.236 kg decrease in DMI (Table 3.8, P=0.055) and a decrease of 0.175 kg in RFI (Table 

3.8, P=0.053). Genotypes in rs42670352 were significantly associated with DMI (Table 

3.8 and P=0.033) and RFI (Table 3.8 and P=0.002).  

The results indicate that substitution to the G allele of SNP rs42670353 was 

significantly associated with a 0.043 kg increase in ADG (Table 3.8, P=0.006) and a 

0.114 kg gain kg
-1

 DMI decrease in FCR (Table 3.8, P=0.033).  

3.4.1.4. Ubiquitin-conjugating (UBE2I) 

rs43482900 tended to associate (P=0.057) with MMWT (Table 3.9), while 

rs43482901 tended to affect MMWT (Table 3.9, P=0.051). In addition, rs43482902 was 

significantly associated with MMWT (Table 3.9, P=0.019).  

3.4.1.5. Uncoupling protein 2 (UCP2) 
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Substitution to the T allele of SNP UCP24 was slightly associated with a 0.076 kg 

decrease in ADG (Table 3.10, P =0.054). SNP UCP24 did not show a significant 

relationship with feed efficiency. 

3.4.1.6. ATPase, H+ transporting, lysosomal 56/58kDa, V1 subunit B2 (ATP6V1B2), 

cationic trypsin (CT), pyruvate carboxylase (PC) and Pancreatic trypsin inhibitor (PTI) 

The reported SNPs (Tables 3.11 - 3.14) in ATP6V1B2, CT, PC and PTI did not 

show a significant association with feed efficiency and performance traits. 

3.4.1.7. Pancreatic alpha amylase (AMY2B) 

The genotypes of SNP rs42312301 were heterozygous (A/G) except for one 

animal with the homozygous genotype (A/A). Therefore, SNP rs42312301 was not 

included in the association analysis. 

3.4.2. Validation study 

SNPs within TRYP8 were not associated with feed efficiency and performance 

traits. Four SNPs in CCKBR were evaluated in the validation data set. The C allele of 

SNP CCKBR1 (rs42670351) decreased DMI by 0.235 kg (Table 3.15, P =0.00084), 

decreased RFI by 0.164 kg (Table 3.15, P= 0.0315) and decreased DMI by 0.117 (kg gain 

kg
-1

 DMI)
 
in FCR (Table 3.15, P=0.059). In addition, genotypes in rs42670351were 

associated with DMI, RFI, and FCR (Table 3.16, P=0.009, P=0.014, and P=0.085, 

respectively). 

The G allele of rs42670352 was associated with a 0.222 kg decrease in DMI 

(Table 3.15, P =0.0116), a 0.139 kg decrease in RFI (Table 3.15, P=0.066) and a 0.099 kg 
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gain kg
-1

 DMI decrease in FCR (Table 3.15, P=0.106). Genotypes in rs42670352 were 

significantly associated with DMI and RFI (Table 3.16, P<0.05). 

The G allele of SNP CCKBR3 (rs42670353) was associated with a 0.251 kg 

decrease in DMI (Table 3.15, P =0.0008), a 0.159 kg decrease in RFI (Table 3.15, 

P=0.0135) and a 0.125 kg gain kg
-1

 DMI decrease in FCR (Table 3.15, P=0.0168). 

Genotypes in rs42670353were significantly associated with DMI, RFI, and FCR (Table 

3.16, P=0.002, P=0.005, P=0.048, respectively). 

In gene PTI, substitution to the T allele of SNP PTI1 (rs43024409) was associated 

with a 0.973 kg
75

 increase in MMWT (Table 3.15, P =0.023) and a 0.026 kg increase in 

ADG (Table 3.15, P=0.097). Genotypes in rs43024409 tended to affect MMWT (Table 

3.16, P=0.08). 

The C allele of SNP ATPase2 (rs43562811) was associated with a 0.037 kg 

increase in ADG (Table 3.15, P=0.028), a0.941 kg
75

 increase in MMWT (Table 3.15, P 

=0.038) and a 0.139 kg gain kg
-1

 DMI decrease in FCR (Table 3.15, P=0.022). The A 

allele of SNP ATPase4 (rs43562809) was associated with a 1.292 kg
75

 increase in 

MMWT (Table 3.15, P=0.097). Genotypes in SNP ATPase2 (rs43562811) were 

significantly associated with MMWT (Table 3.16, P=0.037) whereas they tended to affect 

ADG and FCR (Table 3.16, P=0.058, P=0.067, respectively).  

Genotypes in SNP UBE2I2 (rs43482899) were significantly associated with DMI 

(Table 3.16, P=0.016) and ADG (Table 3.16, P=0.058). Three SNPs genotyped in 

AMY2B, CT, and UCP2 were not included in the validation analysis because of low 

minor allele frequency. 
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3.5. Discussion 

Three SNPs AMY2B6 (rs42312301), TRYP83 (rs41256901) and UCP21 

(rs41255549) were present in the GenBank. The GenBank had information for only SNPs 

TRYP83 and UCP21. The remaining 22 SNPs reported in the GenBank were identified 

using the Bos taurus Assembly SNP Discovery method where little information were 

available for these SNP. SNP PTI8 (rs43024345) was reported in the GenBank and was 

not segregating in the current genotyped population. It is common that SNPs in a 

database such as GenBank can be segregating in one particular population, but not in 

another (Kitts and Sherry 2007). The percentage of segregating SNPs in the current 

population was 44.4% (8/18) based on SNPs resulting from Sequencher with a minimum 

match percentage of 85% and minimum overlap of 20 bases. This proportion of 

segregated SNPs was in agreement with Weck et al. (2005) who estimated the false 

positives percentage (i.e., the percentage of SNPs found fixed after genotyping) using 

different sequence-variation programs (PolyPhred, PolyBayes, and novoSNP). Weck et 

al. (2005) reported that the percentages of false positives were 15.4, 51.5, and 86.2% for 

PolyPhred, PolyBayes, and novoSNP, respectively, at the highest level of quality cutoff. 

However, they found the false positive rates at the lowest level of quality cutoff were 

higher at 94.9, 66.7, and 92.6% for PolyPhred, PolyBayes, and novoSNP, respectively. 

The results from using Sequencher, PolyPhred, PolyBayes, and novoSNP programs 

during SNP discovery indicated there was a high rate of false positives due to the direct 

relationship between the false positive rate and the quality of the sequence traces, 

particularly the background noise (Picoult-Newberg et al., 1999; Cox et al., 2001; Weckx 

et al., 2004).  Nonetheless, the in silico approach provides cost-effective SNP detection in 
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spite of the high rate of false positives, particularly with the advent of overwhelming 

results (millions of ESTs or reads) obtained from next generation sequencing stored in 

the public domain at Sequence Read Archive (SRA) (at www.ncbi.nlm.nih.gov/ 

Traces/sra from NCBI, www.ebi.ac.uk/ena, or http://trace.ddbj.nig.ac.jp) (Shumway et 

al., 2010; Leinonen et al., 2011). 

Markers deviating from HWE (Table 3) indicate problems with genotyping or 

population stratification. Because of the missing class of genotypes within some SNPs, 

the association analysis results must be viewed with caution. Nonetheless, some deviation 

from HWE indicates a potential association between a particular marker and the trait of 

interest (Wigginton et al., 2005). The functional mutation might have a rare allele that 

can be missing in some breeds or in populations within a breed (Goddard 2009) . The 

genetic markers are linked to the QTL with large effects across breeds contributing to the 

composite or cross (Piyasatian et al., 2006). Bansal et al. (2010) discussed many reasons 

for considering rare variants as a source of variation. Therefore, in the current study, 

associations were tested for rare variants or for SNPs that are not in HWE (minor allele 

frequency of less than 10%) as these might be informative or provide promising results 

that could be considered in crossbred or multi-breed populations. However, the obtained 

significant associations should be validated in another population. 

The extent of LD in the current study was measured using r
2
 as it is less 

dependent on allele frequencies or affected by small sample size (McRae et al. 2002; 

Ardlie et al., 2002; Khatkar et al., 2008). Generally, the magnitude of LD between SNP 

pairs was higher in some genes than in others as it is due to SNP density (i.e., the 

http://www.ncbi.nlm.nih.gov/
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relationship between distance and r
2 

was high) (Khatkar et al., 2008). The magnitude of 

LD present between SNPs pairs in genes CCKBR and UCP2 was less than 0.1 which is 

expected as they were up to 7.1 M bp (7cM) apart (Sargolzaei et al 2008). LD between 

SNP CT2 in gene CT and SNP TRYP81 in gene TRYP8 was 0.243 as the distance 

between these two SNPs is 0.75 Mbp (i.e., less than 0.75 cM), indicating they may 

capture some effects of each other. Three SNPs in UBQE2I (rs43482899, rs43482900 

and rs43482901) were strongly linked (r
2
 > 0.8), explaining why they have the same 

magnitude and phase of effects in the current study. SNP UBQE2I3 is sufficient to 

capture 100% of the genetic variation explained by SNPs in gene UBQE2I using 

haplotype-tagging from the Haploview analysis. Consequently, SNP UBQE2I3 is the 

SNP that should be selected for genotyping in the validation population to reduce the cost 

of genotyping. Also, SNP ATPase4 (rs43562809) can capture the variance explained by 

SNP ATPase1. SNP PC2 can capture 100% of the variance explained by SNPs PC3 and 

PC6.  

The results indicate that gene TRYP8 (SNP rs41256901) was significantly 

associated with RFI and FCR, and suggestively associated with DMI. The identified 

significant associations were not found in the validation study. These associations are in 

agreement with the significant relationship between feed efficiency and digestive 

function reported by Richardson and Herd (2004) where the digestibility of feed 

accounted for 10 to 14% of the variation in feed efficiency. Pancreatic enzymes may be 

partially responsible for the variation in digestive efficiency between animals (Swanson 

et al., 2004). Conversely, there was no relationship between either performance or feed 

efficiency and the concentration of the pancreatic trypsin enzyme in feedlot cattle (Mader 
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et al., 2009). In pigs, the concentration of the pancreatic trypsin enzyme was positively 

associated with ADG, whereas it was negatively associated with feed conversion ratio 

(van den Borne et al., 2007). Trypsinogen can be an activator of proteinase-activated 

receptor 2 (PAR-2), which is highly expressed in digestive organs, such as the pancreas 

and intestine, and stimulates many biological processes, such as cell proliferation 

(Ossovskaya and Bunnett, 2004). In mice, down-regulation of trypsinogen was associated 

with growth retardation in α1, 6-fucosyltransferase-knockout mice (Li et al., 2006). 

Results from the current association analysis indicate that there were significant 

associations between gene CCKBR, represented in SNPs rs42670351 and rs42670352, 

and RFI, DMI, ADG, and FCR. Substitution to the C allele in SNP rs42670351 was 

validated in the validation population to be associated with decreasing DMI, RFI, and 

FCR. Also, the G allele of SNP CCKBR2 (rs42670352) was validated to be associated 

with decreasing DMI and RFI. In addition, substitution to the G allele of SNP CCKBR3 

(rs42670353) was validated to be associated with decreasing FCR and found to be 

significantly associated with decreasing DMI and RFI in the validation population. The 

identified significant SNPs in gene CCKBR were synonymous, so they might be in LD 

with the functional mutation. Recently, a missense mutation (rs133526822) was 

identified using a whole-genome sequencing method (Kawahara-Miki et al., 2011) where 

SNP rs133526822 is located between SNP rs42670351 and rs42670352. Therefore, 

further investigation of SNP rs133526822 is required as it might be the functional 

mutation responsible for the reported significant association. In pigs, Houston et al. 

(2006) and Houston et al. (2008) reported an association between polymorphisms in the 

5
-
-untranslated region of the porcine CCK type A receptor gene with feed intake and 
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growth. CCKB is expressed in gastric parietal cells, the brain and smooth muscle (Huppi 

et al., 1995; Wank et al., 1995). The significant associations with feed efficiency and 

performance found in the current study are consistent with the functions of gene CCKB. 

CCKB is predominant in the hypothalamus and is also expressed in the vagus nerve stem 

complex, so it plays a very important role as a mediator in the satiety effect of CCK 

(Dufrense et al., 2006), affecting feed intake and efficiency. CCKB is the predominant 

CCK receptor subtype for the veal and weaned calves (Le Meuth et al., 1993). As in 

calves, CCKB are predominant in the pancreas of pigs (Philippe et al., 1997). Pancreatic 

enzyme secretion was mediated by CCKB receptors under stimulation by the 

physiological levels of CCK and gastrin (Le Drean et al., 1999). Also, pancreatic growth 

and secretion were regulated by CCKB particularly after weaning (Le Meuth et al., 

1993). Therefore, association between polymorphisms in gene CCKB might be 

associated with pancreas growth or secretion, suggesting further study to test these 

biological relationships.   

Gene UBE2I (SNP rs43482901) showed a significant relationship with MMWT. 

Only one SNP (rs43482901) in this gene was genotyped in the validation population: the 

genotypic effect was significantly associated with DMI and tended to affect ADG. This 

result supports the known biological function of gene UBE2I as it is involved in RNA 

transport (bta03013) and ubiquitin-mediated proteolysis (bta04120), which means it plays 

an important role in processing, folding, sorting and degrading of protein (Klukas and 

Schreiber, 2007). Protein turnover accounted for 42% of total gastro-intestinal tract 

energy use in ruminants (McBride and Kelly, 1990; Baldwin 1995) and for 19% of 

whole-body ATP (Gill et al., 1989), which is correlated with MMWT. Although in the 
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current study, gene UBE2I showed a significant association with DMI using a genotypic 

model in the validation study only, a near SNP (rs29019637) has been shown to be highly 

correlated with RFI (Sherman et al., 2007).  

In this study, gene UCP2 tended to be associated with ADG represented in SNP 

UCP24, located in exon 6. None of SNPs in gene UCP2 was tested in the validation 

study. The result in the training population is in agreement with reported significant 

associations between three highly linked SNPs (located in intron 2, exon 4, and intron 5) 

in UCP2 and body weight (Sherman et al., 2008b). Accordingly, SNP UCP24 may be in 

LD with the SNP reported by Sherman et al., 2008b. There was no relationship between 

the expression of UCP2 mRNA and protein with the polymorphism identified by Kolath 

et al. (2006) in gene UCP2 in the high and low RFI groups. 

Gene PTI showed significant association with ADG and MMWT in the validation 

study, but this significant association was not seen in the discovery population. 

Substitution to the T allele of SNP PTI1 (rs43024409) was associated with an increase in 

MMWT and ADG, whereas genotypes in PTI1 (rs43024409) tended to affect MMWT. 

PTI gene variants mutated in different locations play an important role in the affinity of 

PTI for trypsin-like enzymes (Ascenzi et al., 2003) and subsequently affect the activity of 

these enzymes in affecting growth and size (ADG and MMWT).  

For ATP6V1B2 gene in the validation population, substitution to the C allele of 

SNP ATPase2 (rs43562811) was associated with an increase in ADG and MMWT and a 

decrease in FCR. Substitution to the A allele of SNP ATPase4 (rs43562809) was 

associated with an increase in MMWT. Genotypes in SNP ATPase2 (rs43562811) were 
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significantly associated with MMWT. However, these associations were not found in the 

training population, so the results are in agreement with the reported ATP6V1B2 function 

in the active transport of protons and ions from the cytoplasm to the lumen of different 

compartments of the cell (Jefferies et al., 2008) ATPases are involved in the regulation of 

insulin secretion from pancreatic β-cells (Sun-Wada et al., 2006). Change in these 

biological processes might indirectly affect ADG or MMWT. 

3.6. Conclusion 

The in silico study could be an effective method for SNP discovery in candidate 

genes. We report new SNPs in genes TRYP8, CCKBR, UBQE21, PTI, ATP6V1B2, and 

UCP2 that have an association with feed efficiency and performance traits in these data. 

SNP rs42670352 in CCKBR was significantly associated with RFI and DMI in the 

discovery and validation populations and had the same phase of associations. In addition, 

SNP rs42670353 in CCKBR was significantly associated with FCR in the discovery 

population with same phase of association in the discovery and validation populations. 

Testing the association between these SNPs with carcass and meat quality traits is 

required. Investigating the biological mechanisms underpinning these discoveries by 

studying gene expression (RNA and protein levels) will also increase our understanding 

of the underlying biology of these SNPs. 
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Table 3.1.  Descriptive statistics in feedlot beef cattle for performance and feed 

efficiency in the training and validation datasets 

Trait 

Mean SD Min Max 

Training validation Training validation Training validation Training 
validati

on 

ADG, kg d-1 1.810 1.70 0.38 0.39 0.60 0.71 3.29 3.30 

         

MMWT, kg 103.30 92.39 14.94 11.70 68.32 53.25 157.70 128.10 

         

DMI, kg d-1 9.89 9.81 1.60 1.76 5.38 4.18 15.64 15.54 

         

RFI, kg d-1 -0.12 -0.07 0.89 1.13 -5.62 -3.70 3.84 3.35 

         

FCR, kg gain 

kg-1 DM 
5.68 6.09 1.52 1.87 2.68 3.11 18.74 16.76 

ADG is average daily gain 
MMWT is midpoint metabolic weight 

DMI is daily dry matter intake 

RFI is residual feed intake 

FCR is feed conversion ratio 
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Table 3.2. The name of the gene, chromosome number (BTA), gene bank ID, SNP 

name, SNP position, nucleotide change and functional consequences for 

SNPs discovered in silico 

Gene BTA: gene ID SNP name SNP Position Amino acid change‡ SNP 

AMY2B 3:539383 AMY2B1 42647312 S/N G/A 

  AMY2B2 42648411 R/R C/T 

  AMY2B4 42650063 T/A A/G 

      

CT 4:780933 CT1 109273839 A/A C/T 

  CT2 109275259 P/P C/T 

  CT3 109275408 S/C C/G 

  CT4 109276392 S/F C/T 

  CT5 109276399 S/S T/C 

  CT6 109276492 A/A C/T 

      

TRYP8 4: 282603 TRYP81 110026581 A/A A/G 

      

PTI 13:404172 PTI2 75016143 V/I C/T 

  PTI3 75016112 A/V G/A 

  PTI4 75012541 P/S C/T 

  PTI6 75012450 R/K G/A 

      

UCP2 15:281562 UCP22 52968446 A/A T/C 

  UCP23 52968542 A/A A/G 

  UCP24 52968776 Y/Y C/T 
‡ The effect of mutation (SNP) on the amino acids sequence where S is Serine; N is Asparagine; R is 

Arginine;  T is Threonine; A is Alanine;  P is Proline; C is Cysteine; F is Phenylalanine; V is Valine; I is 

Isoleucine; K is Lysine; and Y is Tyrosine. 
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Table 3.3. The name of the gene, gene bank ID, chromosome number, SNP name, 

SNP position, nucleotide change and functional consequences for SNPs 

reported in NCBI 

Gene 

BTA& gene 

bank ID SNP name 

Accession 

number 

SNP 

Position 

Amino acid 

change‡ SNP 

       

AMY2B 3:539383 AMY2B6 rs42312301 42652947 D/N G/A 

       

TRYP8 4: 282603 TRYP82 rs41256900 110026590 S/S C/T 

  TRYP83  rs41256901 110028200 S/F T/C 

       

UBQE2I 6: 282593 UBQE2I1 rs43482899 105503534 

(Start codon) 

M/T C/T 

  UBQE2I2 rs43482900 105503692 E/K A/G 

  UBQE2I3 rs43482901 105503769 synonymous A/G 

  UBQE2I4 rs43482902 105503804 T/I C/T 

       

ATP6V1B2 8:338082 ATPase1 rs43563470 70563389 D/D C/T 

  ATPase2 rs43562811 70576202 3' UTR C/T 

  ATPase3 rs43562810 70576393 3' UTR C/T 

  ATPase4 rs43562809 70576682 3' UTR A/G 

       

PTI 13:404172 PTI1 rs43024409 75016164 M/L A/T 

  PTI5 rs41257167 75012512 I/M T/G 

  PTI8 rs43024345 75011446 3' near gene T/C 

       

CCKBR 15:281665 CCKBR1 rs42670351 45859002 R/R A/C 

  CCKBR2 rs42670352 45858212 A/A G/T 

  CCKBR3 rs42670353 45857942 F/F C/T 

       

UCP2 15:281562 UCP21 rs41255549 52967147 A/A G/T 

  UCP25 rs41774217 52965038 C/C A/G 

       

PC 29:338471 PC1 rs42194938 46868927 Intronic A/G 

  PC2 rs42194937 46868132 Intronic G/T 

  PC3 rs42195008 46795675 I/I A/G 

  PC4 rs42197374 46776858 V/I A/G 

  PC5 rs42197375 46776418 Y/Y C/T 

  PC6 rs42197376 46774748 3' UTR A/G 
‡ The effect of mutation (SNP) on amino acids sequence where S is Serine; N is Asparagine; R is Arginine;  

T is Threonine; A is Alanine;  D is Aspartic acid; C is Cysteine; F is Phenylalanine; V is Valine; I is 

Isoleucine; K is Lysine; Y is Tyrosine; M is Methionine; E is Glutamic acid; and L is Leucine. 
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Table 3.4. Genotypic and minor allele frequencies (MAF) and the Hardy-Weinberg 

equilibrium for SNPs in the discovery population 

Gene SNP Genotype Frequency MAF G 

AMY2B rs42312301 GG (0.000) AG (0.999) AA (0.001) 0.50 1306.80* 

       

ATP6V1B2 rs43563470 CC (0.853) CT (0.139) TT (0.007) 0.08 0.33 

 rs43562811 TT (0.592) CT (0.356) CC (0.052) 0.23 0.02 

 rs43562810 TT (0.885) CT (0.113) CC (0.002) 0.06 0.61 

 rs43562809 AA (0.008) AG (0.144) GG (0.847) 0.08 0.54 

       

CCKBR rs42670351 AA (0.598) AC (0.350) CC (0.051) 0.23 0 

 rs42670352 TT (0.957) GT (0.004) GG (0.039) 0.04 280.85* 

 rs42670353 TT (0.297) CT (0.481) CC (0.221) 0.46 0.93 

       

CT CT2 CC (0.002) CT (0.999) TT (0.002) 0.50 1301.40* 

 CT5 CC (0.133) CT (0.867) TT (0.001) 0.43 714.55* 

       

PC rs42194938 AA (0.522) AG (0.405) GG (0.073) 0.28 0.24 

 rs42194937 GG (0.944) GT (0.055) TT (0.001) 0.03 0.06 

 rs42195008 GG (0.942) AG (0.057) AA (0.001) 0.03 0.04 

 rs42197374 GG (0.571) GA (0.000) AA (0.429) 0.43 9.56* 

 rs42197375 TT (0.733) CT (0.248) CC (0.019) 0.14 0.14 

 rs42197376 GG (0.943) AG (0.056) AA (0.001) 0.03 0.04 

       

PTI rs43024409 AA (0.000) AT (0.531) TT (0.469) 0.27 188.04* 

 PTI2 CC (0.187) CT (0.812) TT (0.001) 0.41 571.12* 

 PTI3 GG (0.747) AG (0.253) AA (0.000) 0.13 34.86* 

 rs41257167 GG (0.007) GT (0.993) TT (0.000) 0.50 1246.63* 

       

TRYP8 TRYP81 GG (0.451) AG (0.462) AA (0.087) 0.32 4.03* 

 rs41256901 CC (0.679) CT (0.321) TT (0.000) 0.16 58.41* 

       

UBQE2I rs43482899 CC (0.442) CT (0.462) TT (0.097) 0.33 2.20 

 rs43482900 AA (0.446( AG (0.457) GG (0.097) 0.33 1.66 

 rs43482901 AA (0.486) AG (0.435) GG (0.080) 0.30 1.62 

 rs43482902 CC (0.513) CT (0.338) TT (0.149) 0.32 41.09* 

       

UCP2 rs41255549 TT (0.497) GT (0.413) GG (0.089) 0.30 0.07 

 UCP22 TT (0.603) CT (0.352) CC (0.045) 0.22 0.48 

 UCP23 AA (0.600) AG (0.356) GG (0.044) 0.22 1.01 

 UCP24 CC (0.902) CT (0.097) TT (0.001) 0.05 1.06 

 rs41774217 GG (0.971) AG (0.029) AA (0.000) 0.01 0.41 

* Not in agreement with the Hardy-Weinberg equilibrium 
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Table 3.5. Genotypic and minor allele frequencies (MAF) for SNPs in the validation 

population 

Gene ID SNP name 
Accession 

number 
Call Freq* 

Genotype Frequency 
MAF 

A/A A/B B/B 

539383 AMY2B6 rs42312301 0.994 0 0.004 0.996 0.002 

338082 ATPase1 rs43563470 0.993 0.004 0.133 0.863 0.07 

338082 ATPase2 rs43562811 0.993 0.554 0.382 0.063 0.255 

338082 ATPase4 rs43562809 0.993 0.006 0.137 0.858 0.074 

281665 CCKBR1 rs42670351 0.962 0.624 0.319 0.056 0.216 

281665 CCKRB2 rs42670352 0.991 0.629 0.317 0.055 0.213 

281665 CCKBR3 rs42670353 0.993 0.329 0.496 0.176 0.423 

780933 CT2 in silico 0.99 0.999 0 0.001 0.001 

338471 PC1 rs42194938 0.991 0.062 0.347 0.591 0.235 

338471 PC3 rs42195008 0.996 0.002 0.04 0.958 0.022 

338471 PC4 rs42197374 0.987 0.447 0.435 0.119 0.336 

338471 PC5 rs42197375 0.995 0.775 0.211 0.014 0.119 

338471 PC6 rs42197376 0.994 0.003 0.038 0.959 0.022 

404172 PTI1 rs43024409 0.958 0.131 0.457 0.412 0.36 

282603 TRYP81 in silico 0.984 0.101 0.437 0.462 0.32 

282603 TRYP83 rs41256901 0.955 0 0.316 0.684 0.158 

282593 UBQE211 rs43482899 0.99 0.116 0.425 0.459 0.329 

281562 UCP25 rs41774217 0.996 0.001 0.013 0.986 0.007 

* Call Freq is call frequency based on 1032 genotyped animals 
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Table 3.6. The extent of linkage disequilibrium (r2) between pairs of SNPs within the 

same chromosome in the discovery population 
BTA M1 M2 r2 BTA M1 M2 r2 

15 rs42670353 rs42670352 0.048 8 Rs43562811 Rs43562810 0.215 

15 rs42670353 rs42670351 0.307 8 Rs43562811 Rs43562809 0.304 

15 rs42670353 rs41774217 0.009 8 Rs43562810 Rs43562809 0.706 

15 rs42670353 UCP24 0.006 13 rs41257167 PTI3 0.129 

15 rs42670353 UCP23 0.065 13 rs41257167 PTI2 0.116 

15 rs42670353 UCP22 0.064 13 rs41257167 rs43024409 0.157 

15 rs42670353 rs41255549 0.014 13 PTI3 PTI2 0.191 

15 rs42670352 rs42670351 0.145 13 PTI3 rs43024409 0.004 

15 rs42670352 rs41774217 0.004 13 PTI2 rs43024409 0.087 

15 rs42670352 UCP24 0.002 6 rs43482899 rs43482900 0.991 

15 rs42670352 UCP23 0 6 rs43482899 rs43482901 0.865 

15 rs42670352 UCP22 0 6 rs43482899 rs43482902 0.745 

15 rs42670352 rs41255549 0.003 6 rs43482900 rs43482901 0.861 

15 rs42670351 rs41774217 0.034 6 rs43482900 rs43482902 0.741 

15 rs42670351 UCP24 0 6 rs43482901 rs43482902 0.855 

15 rs42670351 UCP23 0.032 4 CT2 CT5 0.761 

15 rs42670351 UCP22 0.032 4 CT2 TRYP81 0.243 

15 rs42670351 rs41255549 0.094 4 CT2 rs41256901 0 

15 rs41774217 UCP24 0.001 4 CT5 TRYP81 0.185 

15 rs41774217 UCP23 0.004 4 CT5 rs41256901 0 

15 rs41774217 UCP22 0.004 4 TRYP81 rs41256901 0.055 

15 rs41774217 rs41255549 0.002 29 rs42197376 rs42197375 0.186 

15 UCP24 UCP23 0.182 29 rs42197376 rs42195008 0.982 

15 UCP24 UCP22 0.183 29 rs42197376 rs42194937 0.964 

15 UCP24 rs41255549 0.021 29 rs42197376 rs42194938 0.077 

15 UCP23 UCP22 0.991 29 rs42197375 rs42195008 0.182 

15 UCP23 rs41255549 0.115 29 rs42197375 rs42194937 0.179 

15 UCP22 rs41255549 0.117 29 rs42197375 rs42194938 0.003 

8 rs43563470 rs43562811 0.294 29 rs42195008 rs42194937 0.982 

8 rs43563470 rs43562810 0.662 29 rs42195008 rs42194938 0.079 

8 rs43563470 rs43562809 0.965 29 rs42194937 rs42194938 0.078 
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Table 3.7. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) of SNP in gene pancreatic anionic trypsinogen (TRYP8) 

 

Trait 

 
Allele substitution effect 

Genotype as fixed effect 

  LSM±SE LSM±SE LSM±SE 

SNP name P-value 

R

A

1 

Estimate±SE P-value C/C (GG) C/T (A/G) T/T (A/A) 

ADG rs41256901 0.128 T 0.038±0.02 0.128 1.659±0.048 1.697±0.048  

 TRYP81 0.595 A 0.01±0.02 0.737 1.668±0.048 1.668±0.048 1.698±0.048 

         

DMI rs41256901 0.084& T -0.184±0.11 0.084& 9.596±0.20 9.412±0.20  

 TRYP81 0.189 A 0.101±0.08 0.295 9.464±0.20 9.621±0.20 9.597±0.20 

         

FCR rs41256901sig <0.001**a T -0.293±0.08 <0.001** 6.201±0.16 5.909±0.16  

 TRYP81 0.332 A 0.059±0.06 0.421 6.104±0.149 6.21±0.149 6.163±0.149 

         

MM

WT 
rs41256901 0.627 T -0.331±0.69 0.627 102.4±1.331 102.069±1.33  

 TRYP81 0.279 A 0.549±0.5 0.058& 101.599±1.25 103.071±1.25 101.536±1.25 

         

RFI rs41256901 0.010* T -0.199±0.08 0.010* -0.141±0.146 -0.34±0.146  

 TRYP81 0.478 A 0.039±0.06 0.766 -0.216±0.147 -0.186±0.147 -0.126±0.147 
 

sig Significant after the modified Bonferroni adjustment for multiple testing (P<0.05) 
*Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.05) 
** Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.01) 
& tended to affect the trait before the modified Bonferroni adjustment for multiple testing (P<0.10) 

1 RA is the substitution allele 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



67 

 

 

 

 

 

Table 3.8. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) of SNP in gene cholecystokinin B receptor (CCKBR) 

Trait 

 
Allele substitution effect 

Genotype as fixed effect 

  LSM±SE LSM±SE LSM±SE 

SNP name 
P-

value 
RA1 Estimate±SE 

P-

value 
C/C (GG) C/T (A/G) T/T (A/A) 

         

ADG rs42670353 0.006** T -0.043±0.02 0.019* 1.73±0.047 1.673±0.047 1.642±0.047 

 rs42670351 0.135 C 0.03±0.02 0.112 1.657±0.048 1.701±0.048 1.65±0.048 

 rs42670352 0.427 G -0.024±0.03 0.620 1.627±0.048 1.564±0.048 1.667±0.048 

         

DMI rs42670352 0.055& G -0.236±0.12 0.033* 9.137±0.20 8.276±0.20 9.523±0.20 

 rs42670351 0.467 C -0.06±0.08 0.069& 9.078±0.20 9.595±0.20 9.525±0.20 

 rs42670353 0.563 T -0.038±0.07 0.828 9.605±0.20 9.545±0.20 9.526±0.20 

         

FCR rs42670353 0.033* T 0.114±0.05 0.055& 5.92±0.162 6.124±0.162 6.162±0.162 

 rs42670351 0.194 C -0.087±0.07 0.405 5.995±0.151 6.138±0.151 6.209±0.151 

 rs42670352 0.673 G -0.041±0.1 0.727 6.119±0.167 5.816±0.167 6.174±0.167 

         

MMWT rs42670353 0.229 T -0.523±0.43 0.306 103.443±1.325 102.284±1.325 102.3±1.325 

 rs42670351 0.391 C -0.467±0.54 0.689 101.423±1.244 102.014±1.244 102.445±1.244 

 rs42670352 0.490 G -0.55±0.8 0.396 100.327±1.363 105.658±1.363 101.815±1.363 

         

RFI rs42670352 0.053 G -0.175±0.09 
0.002 

sig 
-0.423±0.145 -1.61±0.145 -0.181±0.145 

 rs42670353 0.280 T 0.052±0.05 0.434 -0.297±0.146 -0.193±0.146 -0.186±0.146 

 rs42670351 0.355 C -0.056±0.06 0.028* -0.595±0.145 -0.16±0.145 -0.213±0.145 
sig Significant after the modified Bonferroni adjustment for multiple testing (P<0.05) 
*Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.05) 
** Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.01) 
& tended to affect the trait before the modified Bonferroni adjustment for multiple testing (P<0.10) 

1 RA is the substitution allele 
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Table 3.9. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) of SNP in ubiquitin-conjugating enzyme (UBQE2I) 

Trait 

 
Allele substitution effect 

Genotype as fixed effect 

  LSM±SE LSM±SE LSM±SE 

SNP name 
P-

value 
RA1 Estimate±SE 

P-

value 
C/C (GG) C/T (A/G) T/T (A/A) 

         

ADG rs43482902 0.303 T 0.017±0.02 0.334 1.656±0.047 1.651±0.047 1.703±0.047 

 rs43482899 0.876 T -0.003±0.02 0.957 1.672±0.048 1.665±0.048 1.671±0.048 

 rs43482900 0.913 G -0.002±0.02 0.948 1.674±0.048 1.665±0.048 1.672±0.048 

 rs43482901 0.923 G -0.002±0.02 0.795 1.684±0.048 1.66±0.048 1.672±0.048 

         

DMI rs43482902 0.347 T 0.069±0.07 0.408 9.495±0.21 9.477±0.21 9.68±0.21 

 rs43482899 0.856 T 0.014±0.08 0.930 9.548±0.20 9.54±0.20 9.602±0.20 

 rs43482901 0.947 G 0.005±0.08 0.988 9.574±0.20 9.547±0.20 9.551±0.20 

 rs43482900 0.955 G 0.004±0.08 0.958 9.586±0.20 9.54±0.20 9.555±0.20 

         

FCR rs43482902 0.557 T -0.033±0.06 0.830 6.155±0.16 6.109±0.16 6.096±0.16 

 rs43482899 0.706 T 0.023±0.06 0.786 6.124±0.162 6.116±0.162 6.208±0.162 

 rs43482900 0.803 G 0.015±0.06 0.846 6.248±0.151 6.172±0.151 6.185±0.151 

 rs43482901 0.987 G 0.001±0.06 1.000 6.191±0.168 6.192±0.168 6.19±0.168 

         

MMWT rs43482902 0.314 T 0.476±0.47 0.019* 102.717±1.323 101.671±1.323 104.523±1.323 

 rs43482901 0.594 G 0.276±0.52 0.051& 104.422±1.375 101.706±1.375 102.436±1.375 

 rs43482900 0.773 G 0.143±0.51 0.057& 104.17±1.239 101.787±1.239 102.673±1.239 

 rs43482899 0.880 T 0.075±0.52 0.133 102.64±1.329 101.851±1.329 103.835±1.329 

         

RFI rs43482901 0.686 G -0.023±0.06 0.152 -0.376±0.146 -0.136±0.146 -0.202±0.146 

 rs43482900 0.760 G -0.017±0.06 0.287 -0.336±0.146 -0.157±0.146 -0.215±0.146 

 rs43482902 0.922 T 0.005±0.05 0.591 -0.255±0.145 -0.185±0.145 -0.282±0.145 

 rs43482899 0.990 T 0.001±0.06 0.496 -0.211±0.146 -0.153±0.146 -0.278±0.146 
*Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.05) 
& tended to affect the trait before the modified Bonferroni adjustment for multiple testing (P<0.10) 

1 RA is the substitution allele 
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Table 3.10. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) of SNP in uncoupling protein 2 (UCP2) 

Trait 

 
Allele substitution effect 

Genotype as fixed effect 

  LSM±SE LSM±SE LSM±SE 

SNP name 
P-

value 
RA1 Estimate±SE 

P-

value 
C/C (GG) C/T (A/G) T/T (A/A) 

         

ADG rs41255549 0.378 T -0.016±0.02 0.462 1.669±0.048 1.685±0.048 1.655±0.048 

 UCP24 0.054& T -0.081±0.04 0.054& 1.674±0.048 1.593±0.048  

 rs41774217 0.594 A 0.035±0.07 0.594 1.669±0.048 1.704±0.048  

 UCP22 0.689 C 0.008±0.02 0.795 1.656±0.048 1.678±0.048 1.662±0.048 

 UCP23 0.792 G 0.005±0.02 0.874 1.656±0.048 1.675±0.048 1.664±0.048 

         

DMI rs41255549 0.670 T -0.032±0.08 0.910 9.598±0.20 9.549±0.20 9.524±0.20 

 UCP22 0.285 C 0.09±0.08 0.294 9.891±0.20 9.554±0.20 9.529±0.20 

 UCP24 0.351 T -0.164±0.18 0.351 9.563±0.20 9.399±0.20  

 UCP23 0.367 G 0.075±0.08 0.299 9.886±0.20 9.537±0.20 9.533±0.20 

 rs41774217 0.684 A 0.111±0.28 0.684 9.551±0.20 9.662±0.20  

         

FCR UCP24 0.429 T 0.111±0.14 0.428 6.117±0.162 6.229±0.162  

 rs41255549 0.729 T 0.021±0.06 0.787 6.146±0.162 6.092±0.162 6.145±0.162 

 UCP23 0.855 G 0.012±0.07 0.356 6.347±0.161 6.086±0.161 6.141±0.161 

 UCP22 0.897 C 0.008±0.07 0.347 6.347±0.162 6.085±0.162 6.143±0.162 

 rs41774217 0.980 A 0.005±0.22 0.980 6.126±0.162 6.131±0.162  

         

MMWT UCP22 0.400 C 0.464±0.55 0.532 103.877±1.335 102.357±1.335 102.169±1.335 

 rs41255549 0.419 T -0.413±0.51 0.704 102.677±1.333 102.485±1.333 101.978±1.333 

 UCP23 0.546 G 0.329±0.55 0.553 103.843±1.332 102.23±1.332 102.239±1.332 

 UCP24 0.694 T 0.445±1.15 0.693 102.313±1.329 102.758±1.329  

 rs41774217 0.940 A -0.128±1.82 0.940 102.35±1.329 102.221±1.329  

         

RFI UCP23 0.422 G 0.048±0.06 0.342 0.044±0.146 -0.198±0.146 -0.195±0.146 

 UCP24 0.432 T -0.1±0.13 0.432 -0.185±0.146 -0.284±0.146  

 UCP22 0.434 C 0.047±0.06 0.353 0.045±0.146 -0.194±0.146 -0.191±0.146 

 rs41255549 0.669 T 0.024±0.06 0.732 -0.173±0.146 -0.224±0.146 -0.169±0.146 

 rs41774217 0.730 A 0.068±0.2 0.730 -0.191±0.146 -0.124±0.146  
& tended to affect the trait before the modified Bonferroni adjustment for multiple testing (P<0.10) 

1 RA is the substitution allele 
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Table 3.11. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) of SNP in ATPase H+ (ATP6V1B2) 

Trait 

 
Allele substitution effect 

Genotype as fixed effect 

  LSM±SE LSM±SE LSM±SE 

SNP name 
P-

value 
RA1 Estimate±SE 

P-

value 
C/C (GG) C/T (A/G) T/T (A/A) 

ADG rs43562810 0.589 C 0.019±0.04 0.491 1.906±0.048 1.675±0.048 1.667±0.048 

 rs43562809 0.669 A 0.013±0.03 0.231 1.671±0.048 1.664±0.048 1.908±0.048 

 rs43563470 0.723 T 0.011±0.03 0.226 1.671±0.048 1.661±0.048 1.908±0.048 

 rs43562811 0.742 C -0.007±0.02 0.541 1.707±0.048 1.657±0.048 1.68±0.048 

         

DMI rs43562811 0.164 C -0.121±0.09 0.374 9.336±0.20 9.483±0.20 9.597±0.20 

 rs43563470 0.376 T 0.117±0.13 0.523 9.542±0.20 9.621±0.20 10.152±0.20 

 rs43562809 0.484 A 0.091±0.13 0.573 9.546±0.20 9.597±0.20 10.146±0.20 

 rs43562810 0.511 C 0.1±0.15 0.803 9.777±0.20 9.6±0.20 9.505±0.20 

         

FCR rs43562811 0.453 C -0.051±0.07 0.678 5.968±0.087 6.1±0.087 6.128±0.087 

 rs43563470 0.550 T 0.063±0.11 0.359 6.105±0.161 6.222±0.161 5.678±0.161 

 rs43562809 0.643 A 0.048±0.1 0.416 6.107±0.161 6.206±0.161 5.675±0.161 

 rs43562810 0.678 C 0.049±0.12 0.657 5.659±0.159 6.156±0.159 6.078±0.159 

         

MMWT rs43562810 0.170 C 1.377±1 0.372 103.243±1.334 103.437±1.334 101.976±1.334 

 rs43563470 0.180 T 1.169±0.86 0.352 102.231±1.326 103.221±1.326 106.355±1.326 

 rs43562809 0.222 A 1.054±0.86 0.400 102.247±1.326 103.11±1.326 106.336±1.326 

 rs43562811 0.230 C -0.685±0.57 0.462 102.065±0.731 102.307±0.731 103.121±0.731 

         

RFI rs43562811 0.336 C -0.06±0.06 0.444 -0.429±0.146 -0.238±0.146 -0.217±0.146 

 rs43562810 0.654 C -0.048±0.11 0.899 -0.218±0.147 -0.25±0.147 -0.197±0.147 

 rs43562809 0.761 A -0.028±0.09 0.952 -0.189±0.146 -0.213±0.146 -0.284±0.146 

 rs43563470 0.926 T -0.008±0.1 0.979 -0.193±0.146 -0.194±0.146 -0.279±0.146 

1 RA is the substitution allele 
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Table 3.12. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) of SNP in cationic trypsin (CT) 

Trait 

 
Allele substitution effect 

Genotype as fixed effect 

  LSM±SE LSM±SE LSM±SE 

SNP name 
P-

value 
RA1 Estimate±SE 

P-

value 
C/C (GG) C/T (A/G) T/T (A/A) 

         

ADG CT5 0.806 T -0.008±0.03 0.806 1.674±0.019 1.666±0.019  

         

DMI CT5 0.974 T -0.004±0.14 0.974 9.52±0.09 9.516±0.09  

         

FCR CT5 0.544 T 0.068±0.11 0.544 6.032±0.159 6.1±0.159  

         

MMWT CT5 0.399 T -0.794±0.94 0.399 102.858±1.336 102.064±1.336  

         

RFI CT5 0.512 T 0.068±0.1 0.512 -0.263±0.061 -0.195±0.061  

1 RA is the substitution allele 
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Table 3.13. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) of SNP in pyruvate carboxylase (PC) 

Trait 

 
Allele substitution effect 

Genotype as fixed effect 

  LSM±SE LSM±SE LSM±SE 

SNP name 
P-

value 
RA1 Estimate±SE 

P-

value 
C/C (GG) C/T (A/G) T/T (A/A) 

         

ADG rs42194938 0.395 G 0.016±0.02 0.436 1.676±0.048 1.674±0.048 1.617±0.048 

 rs42194937 0.495 T -0.035±0.05 0.793 1.674±0.048 1.639±0.048 1.59±0.048 

 rs42197375 0.578 C 0.014±0.02 0.775 1.656±0.048 1.681±0.048 1.662±0.048 

 rs42195008 0.580 A -0.028±0.05 0.860 1.672±0.019 1.644±0.019 1.606±0.019 

 rs42197376 0.613 A -0.026±0.05 0.877 1.671±0.048 1.647±0.048 1.591±0.048 

         

DMI rs42194938 0.462 G 0.059±0.08 0.616 9.579±0.20 9.478±0.20 9.532±0.20 

 rs42194937 0.790 T -0.056±0.22 0.491 9.53±0.20 9.554±0.20 8.16±0.20 

 rs42195008 0.798 A -0.054±0.22 0.495 9.497±0.09 9.523±0.09 8.13±0.09 

 rs42197375 0.262 C 0.115±0.1 0.532 9.72±0.20 9.611±0.20 9.496±0.20 

 rs42197376 0.623 A -0.106±0.22 0.488 9.538±0.20 9.507±0.20 8.146±0.20 

         

FCR rs42194938 0.626 G 0.031±0.06 0.358 6.153±0.162 6.054±0.162 6.211±0.162 

 rs42197375 0.699 C 0.031±0.08 0.914 6.216±0.162 6.132±0.162 6.109±0.162 

 rs42194937 0.812 T 0.04±0.18 0.818 6.108±0.162 6.181±0.162 5.677±0.162 

 rs42195008 0.919 A 0.017±0.17 0.821 6.075±0.159 6.126±0.159 5.574±0.159 

 rs42197376 0.919 A -0.017±0.18 0.884 6.178±0.151 6.189±0.151 5.723±0.151 

         

MMWT rs42195008 0.528 A 0.906±1.45 0.821 102.03±1.337 102.938±1.337 103.821±1.337 

 rs42194937 0.585 T 0.776±1.44 0.863 102.222±1.329 103.007±1.329 103.643±1.329 

 rs42194938 0.589 G -0.285±0.53 0.208 102.181±1.322 101.798±1.322 104.008±1.322 

 rs42197375 0.635 C 0.314±0.67 0.656 101.229±1.326 102.739±1.326 102.149±1.326 

 rs42197376 0.756 A 0.434±1.44 0.953 102.198±1.247 102.607±1.247 103.45±1.247 

         

RFI rs42194938 0.283 G 0.063±0.06 0.558 -0.157±0.147 -0.215±0.147 -0.292±0.147 

 rs42197375 0.288 C 0.079±0.07 0.419 0.102±0.146 -0.175±0.146 -0.224±0.146 

 rs42197376 0.473 A -0.114±0.16 0.242 -0.202±0.146 -0.238±0.146 -1.623±0.146 

 rs42195008 0.544 A -0.096±0.16 0.236 -0.218±0.061 -0.233±0.061 -1.658±0.061 

 rs42194937 0.597 T -0.083±0.16 0.248 -0.207±0.146 -0.21±0.146 -1.615±0.146 

1 RA is the substitution allele 
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Table 3.14. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) of SNP in pancreatic trypsin inhibitor (PTI) 

Trait 

 
Allele substitution effect 

Genotype as fixed effect 

  LSM±SE LSM±SE LSM±SE 

SNP name 
P-

value 
RA1 Estimate±SE 

P-

value 
C/C (GG) C/T (A/G) T/T (A/A) 

ADG rs43024409 0.219 T 0.029±0.02 0.219  1.653±0.048 1.682±0.048 

 PTI3 0.287 A 0.029±0.03 0.287 1.658±0.048 1.688±0.048  

 PTI2 0.558 T -0.017±0.03 0.558 1.682±0.048 1.665±0.048  

         

DMI PTI2 0.151 T -0.178±0.12 0.151 9.708±0.20 9.53±0.20  

 rs43024409 0.268 T 0.111±0.1 0.268  9.491±0.20 9.602±0.20 

 PTI3 0.827 A -0.025±0.12 0.827 9.523±0.20 9.498±0.20  

         

FCR rs43024409 0.492 T 0.055±0.08 0.492  6.161±0.168 6.215±0.168 

 PTI2 0.939 T 0.007±0.1 0.939 6.185±0.168 6.192±0.168  

 PTI3 0.193 A -0.12±0.09 0.193 6.179±0.148 6.059±0.148  

         

MMWT rs43024409 0.102 T 1.075±0.65 0.102  101.669±1.381 102.743±1.381 

 PTI3 0.333 A 0.743±0.77 0.333 101.877±1.253 102.62±1.253  

 PTI2 0.491 T -0.555±0.81 0.491 102.704±1.381 102.148±1.381  

         

RFI PTI2 0.171 T -0.123±0.09 0.171 -0.075±0.146 -0.198±0.146  

 PTI3 0.211 A -0.106±0.08 0.211 -0.175±0.147 -0.281±0.147  

 rs43024409 0.860 T -0.012±0.07 0.860  -0.183±0.147 -0.196±0.147 

1 RA is the substitution allele 
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Table 3.15. Estimates of allele substitution effects on feed efficiency traits in the 

validation study 
BTA :Gene 

ID 
Trait SNP Name Ref_SNPs No MA MAF Estimate±SE P value 

8: 338082 MMWT ATPase4 rs43562809 726 A 0.073 1.292±0.76 0.0897 d 

8: 338082 FCR ATPase2 rs43562811 726 C 0.252 -0.139±0.06 0.0218 d 

8: 338082 ADG ATPase2 rs43562811 726 C 0.252 0.037±0.02 0.0277 

8: 338082 MMWT ATPase2 rs43562811 726 C 0.252 0.941±0.45 0.0378 

13: 404172 MMWT PTI1 rs43024409 698 T 0.352 0.973±0.43 0.0234 

13: 404172 ADG PTI1 rs43024409 698 T 0.352 0.026±0.02 0.0970 

15: 281665 sig DMI CCRB3 rs42670353 725 G 0.420 -0.251±0.07 0.0008d& 

15: 281665 RFI CCRB3 rs42670353 725 G 0.420 -0.159±0.06 0.0135 

15: 281665 FCR CCRB3 rs42670353 725 G 0.420 -0.125±0.05 0.0168 sd* 

15: 281665 DMI CCRB2 rs42670352 725 G 0.217 -0.222±0.09 0.0116sd* 

15: 281665 RFI CCRB2 rs42670352 725 G 0.217 -0.139±0.08 0.0658 sd* 

15: 281665 FCR CCRB2 rs42670352 725 G 0.217 -0.099±0.06 0.106 d 

15: 281665 sig DMI CCRB1 rs42670351 700 C 0.221 -0.235±0.09 0.0084d 

15: 281665 RFI CCRB1 rs42670351 700 C 0.221 -0.164±0.08 0.0315 d* 

15: 281665 FCR CCRB1 rs42670351 700 C 0.221 -0.117±0.06 0.0589 d 
sd* The same direction and significance was found for both the discovery and validation populations. 
d& The same direction but showed a trend (P=0.069) in the discovery population using the genotypic model. 
d  The same direction but was not significant in the discovery population. 
d* The same direction and significance was found for both the discovery and validation populations using  

    the genotypic model. 
sig Significant after the modified Bonferroni adjustment for multiple testing (P<0.05) in the validation  

     population. 
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Table 3.16. The genotypic effects on feed efficiency traits in the validation population 

BTA Gene ID SNP Name Ref_SNPs MA Trait P value MAF 

6 282593 UBQE211 rs43482899 T ADG 0.084 0.329 

6 282593 UBQE211 rs43482899 T DMI 0.016 0.329 

8 338082 ATPase2 rs43562811 C ADG 0.058 0.255 

8 338082 ATPase2 rs43562811 C FCR 0.067 0.255 

8 338082 ATPase2 rs43562811 C MMWT 0.037 0.255 

13 404172 PTI1 rs43024409 T MMWT 0.082 0.36 

15 281665 CCKBR1 rs42670351 C DMI 0.009 0.216 

15 281665 CCKBR1 rs42670351 C FCR 0.085 0.216 

15 281665 CCKBR1 rs42670351 C RFI 0.014 0.216 

15 281665 CCKBR2 rs42670352 G DMI 0.011 0.213 

15 281665 CCKBR2 rs42670352 G FCR 0.107 0.213 

15 281665 CCKBR2 rs42670352 G RFI 0.024 0.213 

15 281665 CCKBR3 rs42670353 G DMI 0.002 0.423 

15 281665 CCKBR3 rs42670353 G FCR 0.048 0.423 

15 281665 CCKBR3 rs42670353 G RFI 0.005 0.423 

29 338471 PC5 rs42197375 C MMWT 0.062 0.119 

 

 

 

 

 

 

 

 

 

 

 

 
 



76 

 

  
CT and TRYP8 UBQE2I 

  
ATP6V1B2 PTI 

Figure 3.1. The extent of linkage disequilibrium (r2) between pairs of SNPs and haplotypes block 

structure in the candidate genes using Haploview. 
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CCBR and UCP2 PC 

Figure 3.1. (Contd) 

 

Note: 

- Cationic trypsin (CT), pancreatic anionic trypsinogen (TRYP8) , pancreatic trypsin inhibitor (PTI), 

Cholecystokinin B receptor (CCKBR), ubiquitin-conjugating enzyme (UBE2I), uncoupling protein 

2 (UCP2), pyruvate carboxylase (PC), and ATP6V1B2 genes using Haploview.  

- LD between each SNP pair is illustrated in a square where the number on the square represents the 

r2 value between the two SNPs corresponding to the cell. The empty square refers to r2=1. Thick 

lines (black triangles) specify haplotype blocks where the size of the block is written in 

parentheses.  
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CHAPTER 4 

IDENTIFICATION OF SINGLE NUCLEOTIDE POLYMORPHISMS 

INFLUENCING CARCASS AND MEAT QUALITY TRAITS IN CROSSBRED 

BEEF CATTLE
1
 

4.1. Abstract 

Beef quality and carcass traits are very important for the sustainability and 

profitability of the beef industry. Identification of informative genetic markers associated 

with high quality meat products offers a powerful tool for genetic selection. Eight genes 

were chosen for their relationship with efficiency, but their relationship with other traits 

of economic importance must be determined before they can be used in a selection 

program. Therefore, the objective of this study was to examine the associations between 

single nucleotide polymorphisms (SNPs) in the cationic trypsin (CT), pancreatic anionic 

trypsinogen (TRYP8), pancreatic trypsin inhibitor (PTI), Cholecystokinin B receptor 

(CCKBR), ubiquitin-conjugating enzyme (UBE2I), uncoupling protein 2 (UCP2), 

pyruvate carboxylase (PC), and ATPase, H+ transporting, lysosomal 56/58kDa, V1 

subunit B2 (ATP6V1B2) genes and phenotypes of fifteen carcass and meat quality traits 

with either a genotype or allele substitution effect model using a univariate mixed-

inheritance animal model fitted in ASReml. In gene TRYP8, SNP TRYP81 was  

1
 Part of this chapter has been published elsewhere: 

Abo-Ismail, M. K.; M. J. Kelly; E. J. Squires; K. C. Swanson1; J. D. Nkrumah; and S. P. 

Miller. Identification of single nucleotide polymorphisms influencing feed efficiency and 

performance in multi-breed beef cattle using a candidate gene approach. J. Anim. Sci. 

Vol. 87, E-Suppl. 2:#220. 

Abo-Ismail, M. K.; M. J. Kelly; E. J. Squires; K. C. Swanson1; J. D. Nkrumah; and S. P. 

Miller. (2009). Improving feed efficiency, performance, and carcass traits in multi-breed 

beef cattle using a DNA test panel. Beef Research Update, Dec., 4, 2009, Turfgrass 

Institute, University of Guelph. Proceedings: P9. 
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significantly associated with lean yield as percent of rib (LR) (P<0.01) and the T allele in 

SNP rs41256901 was associated with a decrease of 0.882 % in total fat of rib (TFR). SNP 

rs41256901 previously associated with efficiency traits was not associated with marbling. 

In gene PTI, the allele substitution effect of the PTI3 A allele was significantly (P<0.05) 

associated with a decrease in fatness traits (TFR) and an increase of 1.694 % in LR, 

respectively (P<0.01). SNPs rs42670351 and rs42670353 in gene CCKBR improved 

efficiency and marbling. SNPs rs43482899, rs43482900, rs43482901 and rs43482902 

within gene UBE2I were validated to change fatness with no effect on efficiency. SNPs 

rs42194937, rs42195008, rs42197376 and rs42197375 in gene PC validated to change 

carcass traits with no effect on efficiency. SNPs in gene UCP2 affected fatness without 

affecting feed efficiency traits. SNPs in gene ATP6V1B2
+
 (rs43562811 and rs43562809) 

changed carcass traits and increased average daily gain (ADG) and midpoint metabolic 

weight (MMWT) with no effect on other feed efficiency traits. Further research is needed 

to elaborate the biological meaning of these significant associations. 

4.2. Introduction 

Beef quality and carcass traits are very important for the sustainability and 

profitability of the beef industry in Canada, as the industry loses $ 274 million every year 

because of deviations from quality standards (Van Donkersgoed et al., 2001). The value 

chain and value-based payments have become more widespread (Polkinghorne and 

Thompson 2010); consequently, there is a direct connection to market demand. Genetic 

selection provides a substantial solution to overcome quality nonconformities and to 

satisfy consumer demand through the production of consistently high quality beef.   
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The extent of genetic variation and moderate heritability estimates in carcass and 

meat quality traits allows for the selection of beef cattle in breeding programs (Bertrand 

et al., 2001). Since carcass and meat quality traits are collected from finished cattle after 

slaughter, no measurements are available on breeding candidates that pass the generation 

interval. Alternatively, body composition measurements can be collected on live animals 

using ultrasound measures when they are approximately a year old, and these can be 

correlated with carcass traits (Bergen et al., 2005). However, there are really no good live 

animal predictors of quality traits such as beef tenderness. Given these limitations, 

carcass and beef quality traits in beef cattle represent an opportunity for improvement by 

Marker Assisted Selection (MAS). Genotypes of the selection candidates can be used to 

reduce the generation interval and predictions can be made directly for the trait of 

economic interest, potentially increasing the accuracy of selection (Schaefer, 2006). 

Many studies have detected associations of genetic markers such as single 

nucleotide polymorphism (SNP) with carcass and beef quality traits. A significant 

association was found between a SNP within gene Calpastatin (CAST) and meat 

tenderness (Schenkel et al., 2006). Also, the myostatin (growth differentiation factor 8 

(MSTN) gene has been reported to be a major gene for double muscle in cattle (Grobet et 

al., 1998) and to have a significant effect on carcass traits (Sellick et al., 2007). In 

addition, SNPs within genes thyroglobulin (TG) and micromolar calcium-activated 

neutral protease (CAPN1) (Casas et al., 2005; Gan et al., 2008), and insulin like growth 

factor-1 (Islam et al., 2009) were associated with carcass and meat quality traits. 

Commercial DNA tests such as the GeneSTAR Quality Grade, GeneSTAR Tenderness, 

and Igenity Tender-GENE (Van Eenennaam et al., 2007; Johnston and Graser, 2010) 
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contain SNPs for evaluating carcass and beef quality traits. As carcass and meat quality 

traits are complex traits (i.e., controlled by many genes), identification of the genes or 

SNPs that explain additional genetic variation is required.  

SNPs in genes cationic trypsin (CT), pancreatic anionic trypsinogen (TRYP8), 

pancreatic trypsin inhibitor (PTI), Cholecystokinin B receptor (CCKBR)), ubiquitin-

conjugating enzyme (UBE2I), uncoupling protein 2 (UCP2), pyruvate carboxylase (PC), 

and ATP6V1B2were discovered and tested for association with feed efficiency and 

performance traits in the study reported in Chapter 3. Given the importance of product 

quality, improvements in efficiency need to consider the correlated impact on the end 

product as well. Therefore, the objective of this study was to assess the association 

between SNPs in these candidate genes with carcass and meat quality traits, and also to 

validate these associations in another dataset of crossbred beef cattle. 

4.3. Materials and Methods 

4.3.1. Animals and phenotypic data collection 

The association analysis of carcass and meat quality traits was carried out on 553 

to 575 animals based on the trait. Animals were crossbred, with breed composition 

formed by several breeds: Angus (AN) (37%), Simmental (SM) (26%), Piedmontese (PI) 

(11%), Charolais (CH) (8%) and Limousin (LM) (2%). Animals primarily originated 

from one of two University of Guelph herds; the Elora Beef Research Centre (EBRC) 

and the New Liskeard Agriculture Research Station (NLARS); the Agriculture and Agri-

Food Canada Kapuskasing Research Centre (KAP) or were purchased from producers in 
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Ontario, Canada. Calves were weaned at approximately 200 days of age, and were 

involved in various post-weaning trials at the EBRC with different nutrition treatments. 

4.3.2. Traits and their derivation 

All cattle were slaughtered at the University of Guelph Meat Science Laboratory 

Abattoir. The carcass traits were measured by the staff of the Meat Lab after the carcass 

was ribbed between the 12
th

 and 13
th

 ribs. The subcutaneous fat depth between the 1
st
 and 

2
nd

, 2
nd

 and 3
rd

, and 3
rd

 and 4
th

 quarters of the longissimus dorsi muscle was measured 

and recorded as F1, F2 and F3, respectively. The longissimus dorsi muscle known as the 

Ribeye was measured using an electronic planimeter (MOP-3; Carl Zeiss Inc., 

Thornwood, NY) after acetate tracing (Bergen et al., 2005). University of Guelph lean 

yield grade (UGY) is an estimation of the percentage of the carcass that is red meat based 

on the Canadian Beef Grading Agency formulae (www.beefgradingagency.ca/). Hot 

carcass weight (HCW) was measured just before the carcass was placed in the cooler. 

Marbling is based on the average amount, size and distribution of fat particles or deposits 

in the longissimus dorsi muscle. Marbling was scored as ≤3.0 = devoid; 3.1 to 4.0 = 

traces; 4.1 to 5.9 = slight; 6.0 to 7.0 = small to moderate; and ≥7.0 = slightly abundant to 

abundant. Rib dissection traits were also measured using a 4-6 rib section depending on 

the trial and year (ribs 8-12 or 6-12, respectively). Dissections were performed by the 

staff of the Meat Lab at the University of Guelph. This procedure determines the amount 

and percentage of fat (body fat, subcutaneous fat and intermuscular), lean meat and bone 

found within the rib dissection. For a complete description of carcass measurements, refer 
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to Bergen et al. (2005) and Bergen et al. (2006). The descriptive statistics of carcass and 

meat quality traits are given in Table 4.1. 

4.3.3. SNP discovery, DNA isolation and genotyping of animals 

SNP discovery was discussed in Chapter 3. In this study, the association between 

28 SNPs and phenotypes was determined. The name of the gene, chromosome number, 

SNP name, GenBank accession number, and SNP position are listed in Table 4.2. 

Genomic DNA was extracted via different methods from tissue or blood samples. DNA 

samples were sent to Merial Ltd. for genotyping using a commercial platform for high-

throughput SNP genotyping and an allele-specific primer extension on a microarray 

(Pastinen et al., 2000; Makridakis and Reichardt 2001). A total of 993 animals were 

genotyped. 

4.3.4. Statistical analysis 

Genotypic model. Associations of the genotypes with the traits were evaluated by 

genetic analysis using ASReml (Gilmour et al., 2009). A univariate animal model was 

fitted as follows: 

Yjklm = µ + Gj + HYSk + TTYSl + β1 Age + β2 AN + β3 CH + β4 LM + β5  

SM +  β6 PI+ β7 HET + am + ejklm                                            (4.1) 

in which Yjklm is the trait measured on the m
th

 animal of the k
th

 herd-year-

slaughter season and the l
th

 treatment trial-year-sex group; µ is the overall mean for the 

trait; Gj is the fixed effect of the j
th

 genotype for the SNP considered; HYSk is the fixed 

effect of the k
th

 herd-year-slaughter season group; TTYSl is the fixed effect of the l
th

 

treatment trial-year-sex group; β1 is the regression coefficient of the linear regression on 
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age at slaughter (day) of the m
th

 animal; β2 to β6 are the regression coefficients of the 

linear regressions on the proportion of AN, CH, LM, SM and PI breeds in the m
th

 animal; 

β7 is the regression coefficient of the linear regression on the percent of heterozygosity of 

m
th 

animal; am is the random additive genetic (polygenic) effect associated with the m
th

 

animal; and ejklm is the residual random effect associated with the m
th

 animal. The 

assumptions for this model are; am: a ~ N (0, A σ
2
a) where A is the relationship matrix 

and σ
2
a is the additive genetic variance; and e : ejklm : e ~ (0, I σ

2
e) where I is the identity 

matrix and σ
2
e is the error variance. The expectations are E(ak) = 0; and E(ejklm) = 0; and 

the variances are  Var(ak) = σ
2
a; Var(ejklm) = σ

2
e. Aσ

2
a is the covariance matrix of the 

vector of animal additive genetic effects and the relationship matrix (A) was assumed to 

be complete back to the base population. 

The phenotypic records in TTYS and HYS subclasses (contemporary groups) 

with fewer than five records were not included in the analysis. Phenotypes not within the 

mean ± 3 standard deviation of that trait were excluded from the analysis.  

Allele substitution effect model. In this model, phenotypes were regressed on the 

number of copies of a given allele (-1, 0, or 1) for estimating the allele substitution effect 

using ASReml. The model included the same effects as the genotypic model except the 

genotypic effect was replaced with allele substitution. 

For the significance level used to assess the results in the discovery population, an 

overall value of P < 0.05 (α) was used. A modified Bonferroni correction was used 

(
n

 ; Mantel, 1980) to adjust for multi-hypotheses testing for controlling type I errors 

where n is the number of SNPs multiplied by the number of traits. Thus, the modified 
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Bonferroni-corrected significance level in the discovery population is 0.0024 

(
15*28

05.0 ) at α=0.05. 

4.3.5. Validation study  

The association analysis of carcass and meat quality traits was carried out on 664-959 

(depending on the trait) crossbred animals: heifers (33), steers (681), and bulls (245). 

These animals were born after the animals described above in the discovery population. 

Tissue or blood samples from 1,032 animals were prepared and sent to Guelph 

Molecular Supercentre Laboratory Services, University of Guelph, for genomic DNA 

extraction. Then, prepared DNA samples were sent to GeneSeek, Inc., for genotyping 

using a commercial platform for high-throughput SNP genotyping. In total, 1,032 animals 

were genotyped for the 18 SNPs. 

Quality control (QC) was performed using the GenABEL package (Aulchenko et al., 

2007) in R software. Animals and SNPs with a low call rate (<90%), SNPs with a minor 

allele frequency (MAF) < 1 % (e.g. UCP25, AMY2B6, and CT2 SNP) along with 

animals with a high estimation of identical by state (IBS) >=0.95 or high autosomal 

heterozygosity (HET) >= 0.446, FDR <5% were excluded from the analysis. Phenotypes 

not within the mean ± 3 standard deviation for the respective trait were excluded. TTY 

levels that had fewer than three animals were excluded from the analysis. Fifteen SNPs 

passed all QC criteria. SNPs genotyped for the validation study are summarized in 

Appendix 4.2. 

The association analysis was carried out by a univariate animal model fitting allele 

substitution using the same fixed systematic effects and animal effects previously stated. 
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For the significance level used to assess the results in the discovery population, an overall 

value of P < 0.05 (α) was used. A modified Bonferroni correction was used (
n

 ; 

Mantel, 1980) to adjust for multi-hypotheses testing for controlling type I errors where n 

is the number of SNPs multiplied by the number of traits. Thus, the modified Bonferroni-

corrected significance level in the discovery population is 0.0022 (
18*28

05.0 ) at 

α=0.05. 

4.4. Results  

4.4.1. Pancreatic Anionic Trypsinogen (TRYP8) and Pancreatic Trypsin Inhibitor 

(PTI) 

Genotypes in SNP TRYP81 were significantly associated with lean meat within 

the rib section (%) (LR) (Table 4.10, P<0.01), and substituting in the T allele was 

associated with a decrease in TFR of 0.812 % (Table 4.11, P<0.05). 

In the PTI gene, substitution of the A allele of PTI3 was significantly associated 

with a decrease of 1.096 and 0.681 mm in F2 and F3 respectively (Tables 4.5 and 4.6, 

P<0.05). The A allele of PTI3 was also associated with an increase of 1.694 % in lean 

meat percentage within the rib section (LR) and a decrease of 1.485 % in TFR, 

respectively (Tables 4.8 and 4.12, P<0.01). 

4.4.2. Cholecystokinin B receptor (CCKBR) and Ubiquitin-conjugating (UBE2I) 

The C allele of CCKBR1 (rs42670351) was associated with an increase of 0.477 

mm in F3 (Table 4.6, P<0.05). Substituting the CCRB2 (rs42670352) G allele was 

slightly associated with an increase of 0.114 in the marbling score (Table 4.9, P<0.1). 
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Substituting the UBE2I1 (rs43482899) T allele was significantly associated with 

an increase of 0.4675 mm, (Tables 4.6, P<0.05). Substituting the UBE2I2 (rs43482900) 

G allele was associated with an increase of 0.4872 mm, in F3 (Tables 4.6, P<0.05). 

Substituting the UBE2I3 (rs43482901) G and UBE2I4 (rs43482902) T alleles was 

associated with an increase of 0.5163 and 0.4634 mm of F3, respectively, (Table 4.6, 

P<0.05). 

4.4.3. Uncoupling protein 2 (UCP2 and Pyruvate Carboxylase (PC)  

Substituting the UCP22 C allele was significantly associated with an increase of 

0.268% of bone within the rib section (BR) (Table 4.3, P<0.05). Substituting the UCP24 

T allele was significantly associated with a decrease of 0.821 mm in F3 (Table 4.6, 

P<0.05) and with an increase of 5.164 cm2 and 1.276 % in longissimus dorsi muscle area 

(REA) and UGY, respectively (Tables 4.10 and 4.13, P<0.01). Substituting the SNP 

UCP25 (rs41774217) A allele was significantly associated with an increase of 0.478 mm 

in F1 (Table 4.4, P<0.01) and a decrease of 2.21 % in LR (Table 4.8, P<0.05).  

Genotypes in SNP PC2 (rs42194937) were significantly associated with HCW 

(Table 4.7, P<0.05). Substituting the PC2 T allele was significantly associated with an 

increase of 2.29 mm of F1 (Table 4.4, P<0.05). Genotypes in SNP PC3 (rs42195008) 

were significantly associated with HCW (Table 4.7, P<0.05). Substituting the PC3 A 

allele was significantly associated with an increase of 2.248 mm in F1 (Table 4.4, 

P<0.05) and a trend towards an increase in HCW (11.59 kg) (Table 4.7, P<0.1).. 

Substituting the PC5 C allele was significantly associated with an increase of 1.245 mm 
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in F1 (Tables 4.4, P<0.05). For SNP PC6, (rs42197376), genotypes were significantly 

associated with HCW (Table 4.7, P<0.05).  

4.4.4. ATP6V1B2 (vacuolar H+-ATPase B2) and cationic trypsin (CT) 

Genotypes in SNP ATPase2 (rs43482900) were significantly associated with 

HCW (P<0.05). Genotypes in SNP ATPase2 were significantly associated with F3 

(P<0.05). For SNP CT5, the genotypes did not show significant association with carcass 

or meat quality traits.  

4.4.5. Validation study 

For gene ATP6V1B2, substituting to the T allele of SNP ATPase4 (rs43562809) 

was significantly associated with an increase of 0.646 mm in F3 (Table 4.13, P=0.026). 

In gene CCKBR, substituting to the G allele of SNP CCKBR1 (rs42670351) was 

significantly associated with a decrease of 1.766 cm
2
 in REA (Table 4.13, P =0.018). In 

addition, the substituting to the C allele of SNP CCKBR2 (rs42670352) was significantly 

associated with a decrease of 1.657 cm
2
 in REA (Table 4.13, P =0.024). Furthermore, the 

substituting to the G allele of SNP CCKBR3 (rs42670353) was significantly associated 

with a decrease of 1.516 cm
2
 in REA (Table 4.13, P =0.013).In gene PC, substituting to 

the A allele of SNP PC3 (rs42195008) was significantly associated with an increase of 

0.225 in marbling score (Table 4.13, P =0.029). Substituting to the G allele of SNP PC5 

(rs42197375) was significantly associated with an increase of 0.125 in marbling score 

(Table 4.13, P =0.007). Also, substituting to the T allele of SNP PC6 (rs42197376) was 

significantly associated with an increase of 0.226 in marbling score (Table 4.13, P 

=0.029). 
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In gene TRYP8, substituting to the T allele of SNP TRYP83 (rs41256901) was 

associated with a 1.128 mm decrease in F1 (Table 4.13, P =0.0018). In gene UBQE2I, 

substituting to the T allele of SNP UBQE2I1 (rs43482899) was associated with an 

increase of 0.377% in proportion of subcutaneous fat from the rib section (SQFR) (Table 

4.13, P =0.0015), and an increase of 0.305% in IFR (Table 4.13, P=0.026).  

4.5. Discussion 

Statistical associations of reported SNPs in candidate genes with carcass and meat 

quality traits are required to better understand the effect of these SNPs on such 

economically important traits. However, the scope of this study was limited to the 

statistical association using allele substitution and genotypic models. The results provide 

important evidence of association, but more investigation is needed to better understand 

the biological meaning of these significant associations. 

SNP in gene TRYP8 were associated with increasing LR (SNP TRYP81). 

Although SNP TRYP81 is synonymous with Alanine/Alanine, it might be in linkage 

disequilibrium (LD) with the real mutation within gene TRYP8 causing these effects. In 

the study reported in Chapter 3, SNP rs41256901 showed a significant association with 

feed efficiency, and in the training population in this study the same SNP did not show 

any significant effect on carcass and beef quality traits. Therefore, SNP rs41256901 is a 

potential SNP for selecting the most efficient animal without affecting any other 

economic traits, such as marbling. 

More investigation is required to determine the biological effect of these SNPs in 

gene TRYP8. Trypsin is known to hydrolyze protein or polypeptides in digestion, and it 
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is also involved in the neuroactive ligand-receptor interaction pathway (bta04080 

pathway) (Klukas and Schreiber, 2007), which alludes to the complexity of the 

functionality of gene TRYP8. Evidence suggests an indirect relationship with cell 

proliferation (Ossovskaya and Bunnett, 2004). Li et al. (2006) reported that down-

regulation of trypsinogen was associated with growth retardation in α1,6-

fucosyltransferase-knockout mice. In humans, a mutation in anionic trypsinogen 

(p.G191R) was found to be associated with the loss of the TRYP8 gene function that 

protects from pancreatitis (Kume et al., 2009). SNP [p.D153H] was identified in human 

anionic trypsinogen where it alters the modification after translation, but has no effect on 

the activity of the trypsin enzyme (Rónai et al. 2009). 

SNP CCRB1 (rs42670351) was associated with F3 where the substituting the 

CCRB1 C allele was associated with an increase of 0.477 mm in F3. In the validation 

study, the CCRB1 C allele was associated with decreasing REA. In the training dataset of 

the current study, the G allele of SNP rs42670352 tended to increase the marbling score 

by 0.114 and decrease HCW by 7.4 kg, whereas in the validation dataset, the G allele was 

significantly associated with decreasing REA without affecting other carcass traits. In the 

study reported in Chapter 3, the SNP rs42670352 G allele was significantly associated 

with decreased RFI and DMI in the training and validation datasets. Therefore, SNP 

rs42670352 is a potential SNP for selecting for the most efficient animal with a slight 

improvement in marbling but a possible reduction in HCW. SNP rs42670353 did not 

show any association with carcass traits in the training dataset but in the validation 

population, the G allele was associated with decreasing REA. In the study reported in 

Chapter 3, the G allele was significantly associated with decreasing DMI, RFI, and FCR. 
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Thus, it is a potential SNP for selecting for feed efficiency as reducing F1 is a favourable 

effect; however, reducing the REA indicates some effect on lean, although LR was not 

directly affected. In humans, the polymorphism in gene CCKBR has been associated with 

obesity (Dufrense et al., 2006), and there is an indirect relationship between CCKBR and 

the regulation of leptin expression (Attoub et al., 1999), supporting the current 

association between gene CCBR and carcass fatness. 

The estimated effects of SNP PTI3 were significant in decreasing fat deposition 

(F2, F3 and TFR) and in increasing lean (LR). SNP PTI3 may be in high LD with the 

causal mutation or it may be the causal mutation for producing leaner beef as it is located 

in the coding region of gene PTI, indicating that further investigation to understand the 

biology of this significant relationship is required. In the validation dataset, the only 

genotyped SNP within gene PTI was SNP PTI1 where the T allele was not significantly 

associated with carcass traits. Nonetheless, in Chapter 3, in the validation dataset, the T 

allele of SNP PTI1 was significantly associated with an increase in MMWT and tended to 

increase ADG. A QTL centred on BTA 13 at 75 cM (range 73.63-73.63cM) for internal 

fat weight in Jersey and Limousin back-cross cattle using 284 microsatellites was 

reported by Morris et al., (2010). This QTL is located near the PTI3 gene location at 75 

cM of chromosome 13. Also, a QTL for REA was reported in a commercial Angus 

population (McClure et al., 2010) with a confidence interval of 73.63-91.37 (cM) using a 

genome scan with 390 microsatellites and 11 SNPs, which is also near gene PTI. A QTL 

for HCW centred at 71.59 cM (averaged 61.365-73.63 cM) using an interval mapping 

approach in an Angus and Brahman cross has been reported (Kim et al., 2003). So PTI 

variants may play important roles in the affinity of PTI for trypsin-like enzymes (Ascenzi 
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et al., 2003). This subsequently affects the activity of these enzymes, which might affect 

the availability of amino acids for protein synthesis relative to glucose availability for 

fattening, leading to a decrease in fat deposition and an increase in lean beef. 

In the current study, results indicate that the four reported SNP in gene UBE2I 

showed the same trend for their effects because they are in high LD (r
2
 >0.8), reported in 

Chapter 3. The four UBE2I SNPs rs43482899, rs43482900, rs43482901 and rs43482902 

were significantly associated with an increase in F3. The validation population was only 

with genotyped rs43482899 and it was significantly associated with increased SQFR, and 

IFR. The significant association between UBE2I gene polymorphisms in the current 

study with the increase of fatness (F3) may be due to the role of gene UBE2I in 

adipogenesis (Cignarelli et al., 2010). UBE2I is also involved in RNA transport 

(bta03013) and ubiquitin-mediated proteolysis (bta04120), which means it plays an 

important role in genetic information processing, folding, sorting and degrading of 

proteins (Klukas and Schreiber, 2007). Protein accretion is considered to be metabolically 

expensive (Caton et al., 2000). Protein turnover accounted for 42% of total gastro-

intestinal tract energy use in ruminants (McBride and Kelly, 1990; Baldwin 1995) and for 

19% of whole-body ATP (Gill et al., 1989). In the case of increasing the degradation of 

skeletal muscle of dairy cows, the expression of ubiquitin-conjugating enzyme (E2) and 

ubiquitin was increased by 34 and 25%, respectively (Mutsvangwa et al., 2004).  

In the current study, SNPs in UCP2 were generally associated with differences in 

fatness and LY and with an increase in BR (UCP22 SNP), a decrease in F3 and an 

increase in REA and UGY (UCP24 SNP), an increase in F1 and a decrease in LR 
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(UCP25). None of UCP2 SNPs was tested in the validation population. Three highly 

linked SNPs in UCP2 (Sherman et al., 2008a) were associated with decrease final body 

weight (FBW) and lean meat yield and increase yield grade. A QTL, on chromosome 15 

centred at 52cM, for subcutaneous fat has been reported which is near UCP2 (located in 

52.9 Mbp) (Yokouchi et al., 2009). In addition, a reported QTL for carcass weight and 

REA is located at 54cM (McClure et al. 2010). Thus, the findings may be related to 

UCP2 biological function as UCP2 has an effect on energy consumption and 

thermogenesis as it corrupts the coupling between respiration and the formation of ATP 

processes, resulting in heat instead of ATP (Erlanson-Albertsson, 2003). The mRNA 

expression of UCP2 showed a positive relationship (r= 0.88) with subcutaneous fat depth 

in beef cattle (Kelly et al. 2011). UCP2 is involved in a negative regulation of insulin 

secretion (Zhang et al., 2001; Erlanson-Albertsson, 2003; and Zhang et al., 2006) that 

may affect energy balance and, subsequently, fat deposition. Also, UCP2 is involved in 

the regulation of the lifespan of mice (Andrews and Horvath, 2009). Under fasting 

conditions, UCP2 regulates lipid metabolism (Sheets et al., 2008).  

The results on the training population showed that PC was significantly 

associated with an increase in F1 (rs42194937 and rs42195008), HCW (rs42195008 and 

rs42197376). In addition, PC was significantly associated with an increase in F1 

(rs42197375). In the validation study, the minor alleles of SNPs in PC were associated 

with increasing marbling (rs42195008, rs42197375, and rs42197376). Nonetheless, 

results in Chapter 3 indicated that gene PC was not associated with feed efficiency traits. 

PC is located at 46.8 cM of chromosome 29, which is located within the confidence 

intervals of some detected QTLs. A QTL for HCW located in BTA 29 between 45-58 
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(cM) and the peak at 54 cM and a QTL for retail product yield (40 – 62 cM) with a centre 

location at 49 (cM) were detected by Casas et al. (2003). Also reported was a QTL for 

HCW at the location of 50.4 cM using interval mapping on 229 microsatellite markers, as 

identified by MacNeil and Grosz (2002). The results of the current study are in agreement 

with the pyruvate carboxylase function as it is one of the key enzymes playing a potential 

role in gluconeogenesis (in the liver and kidneys), lipogenesis (in adipose tissue and 

lactating mammary glands) and in the insulin signalling pathway (in pancreatic islets) 

(Jitrapakdee and Wallace 1999). In cattle, during the period of transition to lactation, PC 

mRNA levels were significantly associated with the activity of the PC enzyme (0.89), 

and both of these increased at an early stage of this period (Greenfield et al., 2000). 

Under restricted feeding conditions, PC mRNA increased in dairy cows as an adaptive 

response to restriction of feed intake, increasing the gluconeogenesis from lactate to 

oxaloacetate (Velez and Donkin, 2005). Different identified single point mutations were 

associated with metabolic acidosis and hypoglycemia in the human PC gene (Jitrapakdee 

and Wallace 1999; Pithukpakorn, 2005 and Wang et al., 2008). Also PC mRNA 

expression transcription or translation was positively associated with diabetes, genetic 

obesity, hyperthyroidism, and postnatal development (Jitrapakdee and Wallace 1999). 

In the current study, the training dataset indicates that the C allele in SNP 

ATPase2 (rs43562811) in gene ATP6V1B2 was associated with HCW and F3, but this 

relationship was not found in the validation population. In Chapter 3, results from the 

validation dataset indicated that the C allele was significantly associated with decreasing 

FCR (with the same phase in the training dataset) and increasing ADG and MMWT. In 

the current study in the validation dataset, the T allele of SNP ATPase4 (rs43562809) 
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was associated with increasing F3, whereas the T allele tended (P=0.05) to increase F3 in 

the training dataset. In Chapter 3, the T allele tended to increase MMWT in the validation 

dataset, having the same phase in the training dataset without affecting other feed 

efficiency traits. ATP6V1B2 is a subunit of gene ATPase H
+
.
 
It was isolated by Puopolo 

et al. (1992). ATP6V1B2 is involved in the active transport of protons and ions from the 

cytoplasm to the lumen of different compartments of the cell (Jefferies et al., 2008). 

ATP6V1B2 is also involved in the regulation of insulin secretion from pancreatic β-cells 

(Sun-Wada et al., 2006). The function, structure, and regulation of ATPase H
+
 have been 

fully described in many studies (Forgac 1998; Forgac 2007; and   Jefferies et al., 2008).  

4.6. Conclusion 

SNP rs41256901within gene TRYP8 improves efficiency but decrease fatness. In 

addition, SNPs rs42670351 and rs42670353 in gene CCKBR improve efficiency and 

marbling, but may reduce lean. SNPs rs43482899, rs43482900, rs43482901, and 

rs43482902 within gene UBE2I were validated to change fatness with no effect on 

efficiency. SNPs rs42194937, rs42195008, rs42197376 and rs42197375 SNP in gene PC 

validate to change carcass traits with no effect on efficiency. SNPs in UCP2 gene 

affected fatness and lean yield without affecting feed efficiency traits. SNPs rs43562811 

and rs43562809 in gene ATP6V1B2 were associated with carcass traits and increasing 

ADG and MMWT with no effect on other feed efficiency traits. Further research is 

needed to elaborate the biological meaning of these significant associations. 
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Table 4.1. Descriptive statistics of meat and quality traits for training dataset 

Trait Abbreviation1 No2 Mean SD Min Max 

       

Hot carcass weight, kg HCW 575 361.8 52.54 209 507 

       

longissimus dorsi muscle area, cm2 REA 565 97.98 16.22 59.0 139.99 

       

Lean meat within the rib section, % LR 560 53.08 13.17 27.17 78.31 

       

University of Guelph lean yield, % UGY 560 60 1.734 55 64 

       

Fat1 (mm) F1 568 12.58 6.38 1 30 

       

Fat2 (mm) F2 575 12.2 6.07 1 29 

       

Fat3 (mm) F3 553 8.38 3.45 1 17 

       

Total fat of rib, % TFR 556 22.1 5.86 8.07 38.53 

       

Marbling score3 - 560 4.83 0.782 3 7.0 

       

Bone within the rib section, % BR 575 19.16 2.39 13.97 25.11 
 

1 F1, subcutaneous fat depth between the 1st and 2nd quarter of the rib eye muscle;  

F2, subcutaneous fat depth between 2nd and 3rd quarter of the longissimus dorsi muscle;  

F3, subcutaneous fat depth between the 3rd and 4th quarter of the longissimus dorsi muscle;  

Total fat of rib (%), calculated as the sum of the % of subcutaneous fat, the % of intermuscular fat, and the 

% of body fat within the rib section. 
2 No. = Number of animals’ phenotypes and genotypes for testing the association. 
3 Marbling was scored as ≤3.0 = devoid; 3.1 to 4.0 = traces; 4.1 to 5.9 = slight; 6.0 to 7.0 = small to 

moderate; and ≥7.0 = slightly abundant to abundant. 
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Table 4.2. SNP name and corresponding gene name used in association analysis in 

the training dataset 

Gene BTA&  

NCBI gene ID 

SNP name Accession number SNP 

CT 4:780933 CT5 In silico T/C 

     

TRYP8 4: 282603 TRYP81 In silico A/G 

  TRYP83  rs41256901 T/C 

     

CCKBR 15:281665 CCRB1 rs42670351 A/C 

  CCRB2 rs42670352 G/T 

  CCRB3 rs42670353 C/T 

     

PC 29:338471 PC1 rs42194938 A/G 

  PC2 rs42194937 G/T 

  PC3 rs42195008 A/G 

  PC5 rs42197375 C/T 

  PC6 rs42197376 A/G 

     

UBQE2I 6: 282593 UBQE2I1 rs43482899 C/T 

  UBQE2I2 rs43482900 A/G 

  UBQE2I3 rs43482901 A/G 

  UBQE2I4 rs43482902 C/T 

     

ATP6V1B2 8:338082 ATPase1 rs43563470 C/T 

  ATPase2 rs43562811 C/T 

  ATPase3 rs43562810 C/T 

  ATPase4 rs43562809 A/G 

     

UCP2 15:281562 UCP21 rs41255549 G/T 

  UCP22 In silico T/C 

  UCP23 In silico A/G 

  UCP24 In silico C/T 

  UCP25 rs41774217 A/G 

     

PTI 13:404172 PTI1 rs43024409 A/T 

  PTI2 In silico C/T 

  PTI3 In silico C/T 

  PTI5 rs41257167 T/G 
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Table 4.3. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) on bone within the rib section (BR) (%)  

Gene 

name 

SNP 

name 

Allele substitution effect 
Genotype as fixed effect 

P-value 
C/C (GG) C/T (A/G) T/T (A/A) 

RA1 P-value Estimate ± SE LSM ± SE LSM ± SE LSM ± SE 

ATP6V1B2 ATPase1 T 0.346 0.203±0.21 0.258 18.68±0.14 19.00±0.14 17.83±0.14 

 ATPase2 C 0.102 0.219±0.13 0.256 19.15±0.14 18.87±0.14 18.67±0.14 

 ATPase3 C 0.357 0.237±0.26 0.357  18.93±0.14 18.69±0.14 

 ATPase4 A 0.324 0.210±0.21 0.242 18.68±0.14 19.00±0.14 17.83±0.14 

CCKBR CCBR2 C 0.985 0.004±0.20 0.792 18.78±0.14 18.78±0.14 18.66±0.14 

 CCRB1 G 0.523 0.089±0.14 0.790 18.75±0.14 17.50±0.14 18.71±0.14 

 CCRB3 T 0.160 -0.162±0.12 0.375 18.89±0.14 18.73±0.14 18.56±0.14 

CT CT5 T 0.105 0.371±0.23 0.105 18.38±0.14 18.75±0.14  

PC PC1 G 0.410 0.114±0.14 0.217 18.70±0.14 18.74±0.14 18.14±0.14 

 PC2 T 0.877 0.055±0.35 0.944 18.71±0.14 18.73±0.14 19.43±0.14 

 PC3 A 0.811 -0.084±0.35 0.887 18.72±0.14 18.59±0.14 19.41±0.14 

 PC5 C 0.86 -0.029±0.17 0.353 19.32±0.15 18.59±0.15 18.74±0.15 

 PC6 A 0.831 -0.073±0.34 0.898 18.72±0.14 18.60±0.14 19.41±0.14 

PTI PTI1 T 0.374 -0.147±0.16 0.374  18.78±0.14 18.6±0.14 

 PTI2 T 0.487 0.145±0.21 0.761 18.61±0.15 18.76±0.15 18.46±0.15 

 PTI3 A 0.445 0.146±0.19 0.445 18.68±0.14 18.82±0.14  

 PTI5 T 0.493 0.652±0.95 0.493 18.10±0.14 18.75±0.14  

TRYP8 TRYP81 A 0.933 -0.011±0.12 0.945 18.71±0.14 18.73±0.14 18.64±0.14 

 TRYP83 T 0.679 -0.073±0.18 0.679 18.73±0.14 18.66±0.14  

UBQE2I UBQE2I1 T 0.131 -0.186±0.12 0.097& 18.79±0.14 18.78±0.14 18.24±0.14 

 UBQE2I2 G 0.078& -0.215±0.12 0.06& 18.19±0.14 18.77±0.14 18.80±0.14 

 UBQE2I3 G 0.265 -0.141±0.13 0.448 18.41±0.14 18.71±0.14 18.79±0.14 

 UBQE2I4 T 0.145 -0.177±0.12 0.200 18.78±0.14 18.75±0.14 18.31±0.14 

UCP2 UCP21 T 0.384 -0.109±0.13 0.684 18.87±0.14 18.76±0.14 18.65±0.14 

 UCP22 C 0.033* 0.297±0.14 0.058& 18.84±0.15 18.95±0.15 18.56±0.15 

 UCP23 G 0.055& 0.269±0.14 0.085& 18.77±0.14 18.93±0.14 18.56±0.14 

 UCP24 T 0.171 -0.366±0.27 0.171 18.75±0.14 18.38±0.14  

 UCP25 A 0.414 -0.383±0.47 0.413 18.73±0.14 18.34±0.14  
*Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.05) 
& tended to affect the trait before the modified Bonferroni adjustment for multiple testing (P<0.10) 

1 RA is the substitution allele 
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Table 4.4. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) on subcutaneous fat depth between the 1
st
 and 2

nd
 quarter 

of the longissimus dorsi muscle (F1) (mm) 

Gene name SNP name 
Allele substitution effect 

Genotype as fixed effect 

P-value 
C/C (GG) C/T (A/G) T/T (A/A) 

RA1 P-value Estimate ± SE LSM ± SE LSM ± SE LSM ± SE 

ATP6V1B2 ATPase1 T 0.475 -0.558±0.78 0.714 14.20±0.51 13.73±0.51 11.16±0.51 

 ATPase2 C 0.804 -0.114±0.46 0.734 14.80±0.51 14.09±0.51 14.46±0.51 

 ATPase3 C 0.232 -1.119±0.93 0.232  13.25±0.50 14.37±0.50 

 ATPase4 A 0.616 -0.384±0.76 0.790 14.18±0.51 13.90±0.51 11.16±0.51 

CCKBR CCRB1 C 0.628 -0.230±0.47 0.300 12.44±0.51 14.41±0.51 14.15±0.51 

 CCRB2 G 0.169 -0.887±0.64 0.169 12.48±0.50  14.25±0.50 

 CCRB3 T 0.466 0.294±0.40 0.263 13.44±0.51 14.52±0.51 14.12±0.51 

CT CT5 T 0.901 -0.087±0.70 0.901 14.39±0.50 14.30±0.50  

PC PC1 G 0.401 -0.397±0.47 0.190 14.13±0.51 14.04±0.51 16.35±0.51 

 PC2 T 0.037* 2.291±1.09 0.110 13.93±0.50 16.29±0.50 17.35±0.50 

 PC3 A 0.039* 2.248±1.08 0.118 14.10±0.50 16.41±0.50 17.63±0.50 

 PC5 C 0.022* 1.245±0.54 0.071& 15.87±0.50 14.95±0.50 13.64±0.50 

 PC6 A 0.067& 1.964±1.064 0.185 13.95±0.50 15.95±0.50 17.25±0.50 

PTI PTI1 T 0.277 0.597±0.548 0.277  13.90±0.50 14.50±0.50 

 PTI2 T 0.615 -0.358±0.71 0.856 14.40±0.51 14.01±0.51 14.90±0.51 

 PTI3 A 0.699 0.252±0.64 0.699 14.28±0.51 14.53±0.51  

 PTI5 T 0.068& -5.031±2.74 0.068& 18.90±0.51 13.86±0.51  

TRYP8 TRYP81 A 0.505 -0.275±0.41 0.714 14.45±0.50 14.36±0.50 13.71±0.50 

 TRYP83 T 0.500 -0.401±0.59 0.500 14.32±0.51 13.92±0.51  

UBQE2I UBQE211 T 0.374 0.400±0.45 0.672 13.87±0.50 14.25±0.50 14.70±0.50 

 UBQE212 G 0.251 0.501±0.44 0.517 14.88±0.51 14.29±0.51 13.82±0.51 

 UBQE213 G 0.405 0.384±0.46 0.696 14.56±0.50 14.36±0.50 13.91±0.50 

 UBQE214 T 0.333 0.429±0.44 0.620 13.84±0.52 14.32±0.52 14.63±0.52 

UCP2 UCP21 T 0.543 0.258±0.42 0.792 13.97±0.50 13.96±0.50 14.34±0.50 

 UCP22 C 0.891 -0.063±0.46 0.990 14.02±0.51 14.06±0.51 14.13±0.51 

 UCP23 G 0.899 -0.058±0.46 0.943 14.35±0.51 14.04±0.51 14.20±0.51 

 UCP24 T 0.387 0.7675±0.88 0.387 14.06±0.51 14.83±0.51  

 UCP25 A 0.004** 4.316±1.47 0.004** 13.87±0.49 18.18±0.49  
*Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.05) 
** Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.01) 
& tended to affect the trait before the modified Bonferroni adjustment for multiple testing (P<0.10) 

1 RA is the substitution allele 
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Table 4.5. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) on subcutaneous fat depth between 2
nd

 and 3
rd

 quarter of 

the longissimus dorsi muscle (F2) (mm) 

Gene name SNP name 
Allele substitution effect 

Genotype as fixed effect 

P-value 
C/C (GG) C/T (A/G) T/T (A/A) 

RA1 P-value Estimate ± SE LSM ± SE LSM ± SE LSM ± SE 

ATP6V1B2 ATPase1 T 0.386 -0.555±0.64 0.171 11.99±0.35 11.77±0.35 4.10±0.35 

 ATPase2 C 0.764 -0.114±0.38 0.840 12.09±0.36 11.71±0.36 11.99±0.36 

 ATPase3 C 0.964 -0.035±0.78 0.964  11.88±0.36 11.91±0.36 

 ATPase4 A 0.665 -0.274±0.63 0.180 11.96±0.35 12.03±0.35 4.07±0.35 

CCKBR CCRB1 C 0.302 0.403±0.39 0.559 12.33±0.35 12.27±0.35 11.77±0.35 

 CCRB2 G 0.751 0.176±0.55 0.751 12.32±0.36  11.96±0.36 

 CCRB3 T 0.651 0.149±0.33 0.902 11.87±0.35 12.00±0.35 12.16±0.35 

CT CT5 T 0.424 -0.479±0.60 0.424 12.33±0.36 11.85±0.36  

PC PC1 G 0.055& 0.752±0.389 0.158 12.36±0.35 11.57±0.35 10.95±0.35 

 PC2 T 0.090& -1.582±0.93 0.221 12.09±0.35 10.62±0.35 7.22±0.35 

 PC3 A 0.112 -1.488±0.93 0.265 12.04±0.36 10.66±0.36 7.32±0.36 

 PC5 C 0.391 -0.379±0.44 0.683 11.52±0.35 11.67±0.35 12.09±0.35 

 PC6 A 0.077& -1.616±0.91 0.197 12.10±0.35 10.58±0.35 7.21±0.35 

PTI PTI1 T 0.552 -0.279±0.47 0.552  12.04±0.35 11.76±0.35 

 PTI2 T 0.281 -0.644±0.60 0.559 12.45±0.36 11.82±0.36 10.73±0.35 

 PTI3 A 0.048* -1.096±0.55 0.048* 12.12±0.36 11.03±0.36  

 PTI5 T 0.690 -0.936±2.3 0.690 12.88±0.36 11.94±0.36  

TRYP8 TRYP81 A 0.544 0.209±0.34 0.666 11.83±0.36 11.82±0.36 12.48±0.36 

 TRYP83 T 0.469 0.351±0.48 0.469 11.83±0.35 12.18±0.35  

UBQE2I UBQE211 T 0.274 0.387±0.35 0.364 11.66±0.35 12.34±0.35 12.04±0.35 

 UBQE212 G 0.347 0.327±0.35 0.385 11.88±0.35 12.29±0.35 11.64±0.35 

 UBQE213 G 0.270 0.407±0.37 0.331 11.98±0.36 12.45±0.36 11.74±0.36 

 UBQE214 T 0.248 0.419±0.36 0.451 11.72±0.36 12.33±0.36 12.32±0.36 

UCP2 UCP21 T 0.751 -0.112±0.35 0.734 11.7891±0.36 12.22±0.36 11.86±0.36 

 UCP22 C 0.422 -0.302±0.38 0.308 12.50±0.36 11.50±0.36 12.17±0.36 

 UCP23 G 0.461 -0.277±0.37 0.226 12.77±0.35 11.48±0.35 12.18±0.35 

 UCP24 T 0.095& -1.185±0.71 0.095& 12.07±0.35 10.88±0.35  

 UCP25 A 0.988 0.018±1.21 0.988 11.96±0.35 11.98±0.35  
*Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.05) 
& tended to affect the trait before the modified Bonferroni adjustment for multiple testing (P<0.10) 

1 RA is the substitution allele 
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Table 4.6. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) on subcutaneous fat depth between the 3
rd

 and 4
th

 quarter 

of the longissimus dorsi muscle (F3) (mm) 

Gene 

name 

SNP 

name 

Allele substitution effect 
Genotype as fixed effect 

P-value 
C/C (GG) C/T (A/G) T/T (A/A) 

RA1 P-value Estimate ± SE LSM ± SE LSM ± SE LSM ± SE 

ATP6V1B2 ATPase1 T 0.079& -0.623±0.35 0.129 8.460±0.20 7.948±0.20 4.978±0.20 

 ATPase2 C 0.012* -0.535±0.21 0.014* 8.250±0.21 7.980±0.21 8.773±0.21 

 ATPase3 C 0.079& -0.763±0.43 0.079&  7.657±0.21 8.420±0.21 

 ATPase4 A 0.050& -0.69±0.35 0.095& 8.468±0.20 7.885±0.20 4.990±0.20 

CCKBR CCRB1 C 0.027* 0.487±0.21 0.006** 8.119±0.20 8.958±0.20 8.117±0.20 

 CCRB2 G 0.642 -0.140±0.30 0.644 8.161±0.20  8.441±0.20 

 CCRB3 T 0.464 -0.135±0.18 0.514 8.459±0.20 8.556±0.20 8.214±0.20 

CT CT5 T 0.880 0.049±0.33 0.880 8.340±0.21 8.389±0.21  

PC PC1 G 0.128 0.327±0.21 0.143 8.639±0.20 8.131±0.20 8.505±0.20 

 PC2 T 0.623 -0.247±0.50 0.607 8.420±0.20 8.313±0.20 5.634±0.20 

 PC3 A 0.755 -0.157±0.50 0.633 8.394±0.21 8.383±0.21 5.707±0.21 

 PC5 C 0.535 -0.152±0.25 0.824 8.093±0.20 8.292±0.20 8.436±0.20 

 PC6 A 0.548 -0.296±0.49 0.588 8.426±0.20 8.259±0.20 5.622±0.20 

PTI PTI1 T 0.519 -0.1656±0.26 0.519  8.469±0.20 8.304±0.20 

 PTI2 T 0.465 -0.243±0.33 0.754 8.591±0.20 8.359±0.20 7.689±0.20 

 PTI3 A 0.026* -0.681±0.30 0.026* 8.514±0.21 7.833±0.21  

 PTI5 T 0.716 0.468±1.28 0.716 7.994±0.20 8.461±0.20  

TRYP8 TRYP81 A 0.548 0.114±0.19 0.721 8.331±0.21 8.349±0.21 8.662±0.21 

 TRYP83 T 0.885 -0.039±0.27 0.886 8.441±0.21 8.402±0.21  

UBQE2I UBQE211 T 0.019* 0.468±0.20 0.056& 8.095±0.20 8.644±0.20 8.919±0.20 

 UBQE212 G 0.012* 0.487±0.19 0.038* 8.927±0.20 8.617±0.20 8.053±0.20 

 UBQE213 G 0.012* 0.516±0.20 0.038* 9.007±0.20 8.749±0.20 8.146±0.20 

 UBQE214 T 0.019* 0.463±0.20 0.065& 8.185±0.20 8.635±0.20 9.129±0.20 

UCP2 UCP21 T 0.429 0.155±0.19 0.720 8.176±0.20 8.407±0.20 8.527±0.20 

 UCP22 C 0.488 -0.145±0.21 0.763 8.289±0.20 8.302±0.20 8.485±0.20 

 UCP23 G 0.482 -0.146±0.21 0.711 8.361±0.20 8.272±0.20 8.484±0.20 

 UCP24 T 0.037* -0.821±0.39 0.037* 8.478±0.20 7.658±0.20  

 UCP25 A 0.169 0.919±0.67 0.169 8.341±0.20 9.261±0.20  
*Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.05) 
** Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.01) 
& tended to affect the trait before the modified Bonferroni adjustment for multiple testing (P<0.10) 

1 RA is the substitution allele 
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Table 4.7. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) on hot carcass weight (HCW) (kg). 

*Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.05) 
& tended to affect the trait before the modified Bonferroni adjustment for multiple testing (P<0.10) 

1 RA is the substitution allele 

 

Gene name SNP name 
Allele substitution effect 

 Genotype as fixed effect 

P-value 
C/C (GG) C/T (A/G) T/T (A/A) 

RA1 P-value Estimate ± SE LSM ± SE LSM ± SE LSM ± SE 

ATP6V1B2 ATPase1 T 0.538 2.674±4.3 0.632 351.5±3.08 352.8±3.0 371.0±3.0 

 ATPase2 C 0.617 -1.378±2.7 0.019* 365.1±3.01 347.9±3.0 355.1±3.0 

 ATPase3 C 0.606 2.708±5.2 0.606  354.2±3.0 351.5±3.0 

 ATPase4 A 0.467 3.119±4.3 0.606 351.5±3.0 353.3±3.0 371.1±3.0 

CCKBR CCRB1 C 0.844 -0.5492±2.8 0.103 339.1±3.0 354.6±3.0 351.3±3.0 

 CCRB2 G 0.068& -7.417±4.0 0.188 337.4±3.1 341.5±3.1 352.1±3.1 

 CCRB3 T 0.558 -1.363±2.3 0.538 352.2±3.0 353.9±3.0 349.8±3.0 

CT CT5 T 0.475 -3.327±4.6 0.475 354.6±3.0 351.3±3.0  

PC PC1 G 0.429 2.19±2.8 0.433 354.4±3.0 350.2±3.0 354.4±3.0 

 PC2 T 0.168 9.709±7.0 0.038* 351.1±3.0 365.4±3.0 282.0±3.0 

 PC3 A 0.098& 11.59±7.0 0.026 350.8±3.0 366.8±3.0 285.1±3.0 

 PC5 C 0.301 3.411±3.3 0.334 347.9±3.0 355.6±3.0 350.3±3.0 

 PC6 A 0.161 9.518±6.8 0.038* 351.1±3.0 364.8±3.0 282.0±3.0 

PTI PTI1 T 0.106 5.302±3.263 0.106  349.3±3.1 354.6±3.1 

 PTI2 T 0.333 4.093±4.201 0.547 348.8±3.1 352.5±3.1 376.1±3.1 

 PTI3 A 0.430 3.039±3.829 0.430 351.0±3.0 354.0±3.0  

 PTI5 T 0.290 -20.49±19.34 0.290 371.2±3.1 350.7±3.1  

TRYP8 TRYP81 A 0.433 1.98±2.508 0.363 349.4±3.1 354.0±3.1 350.3±3.1 

 TRYP83 T 0.764 -1.063±3.522 0.764 352.0±3.0 350.9±3.0  

UBQE2I UBQE211 T 0.947 0.1689±2.551 0.255 352.6±3.1 349.0±3.1 356.9±3.1 

 UBQE212 G 0.858 0.4428±2.468 0.215 357.6±3.0 349.2±3.0 352.8±3.0 

 UBQE213 G 0.819 0.6006±2.607 0.343 357.6±3.1 349.4±3.1 351.9±3.1 

 UBQE214 T 0.276 2.648±2.424 0.022* 353.6±3.0 349.5±3.0 364.2±3.0 

UCP2 UCP21 T 0.623 -1.257±2.545 0.727 351.1±3.1 353.0±3.1 350.3±3.1 

 UCP22 C 0.671 -1.19±2.784 0.876 351.7±3.0 350.8±3.0 352.5±3.0 

 UCP23 G 0.615 -1.41±2.784 0.648 354.7±3.0 350.1±3.0 353.0±3.0 

 UCP24 T 0.745 1.765±5.389 0.745 351.6±3.0 353.4±3.0  

 UCP25 A 0.652 -4.147±9.133 0.652 352.0±3.0 347.9±3.0  
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 Table 4.8. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) on lean (red) meat within the rib section (LR) (%) 

Gene name SNP name 
Allele substitution effect 

Genotype as fixed effect 

P-value 
C/C (GG) C/T (A/G) T/T (A/A) 

RA1 P-value Estimate ± SE LSM ± SE LSM ± SE LSM ± SE 

ATP6V1B2 ATPase1 T 0.708 -0.1852±0.491 0.655 53.51±0.37 53.50±0.37 51.45±0.37 

 ATPase2 C 0.703 0.1215±0.318 0.926 53.53±0.38 53.48±0.38 53.34±0.38 

 ATPase3 C 0.891 -0.0844±0.612 0.891  53.42±0.37 53.50±0.37 

 ATPase4 A 0.735 -0.1652±0.485 0.655 53.51±0.37 53.52±0.37 51.45±0.37 

CCKBR CCRB1 C 0.086& -0.5532±0.320 0.187 53.06±0.37 53.12±0.37 53.80±0.37 

 CCRB2 G 0.710 -0.1737±0.47 0.538 53.06±0.37 57.28±0.37 53.52±0.37 

 CCRB3 T 0.416 0.2159±0.264 0.614 53.30±0.37 53.31±0.37 53.71±0.37 

CT CT5 T 0.230 -0.6549±0.544 0.230 54.08±0.37 53.43±0.37  

PC PC1 G 0.343 0.2953±0.310 0.325 53.58±0.37 53.56±0.37 52.48±0.37 

 PC2 T 0.235 -1.018±0.856 0.235 53.57±0.37 52.55±0.37 53.57±0.37 

 PC3 A 0.475 -0.6036±0.841 0.475 53.54±0.37 52.93±0.37 53.54±0.36 

 PC5 C 0.600 0.2007±0.381 0.871 53.81±0.37 53.62±0.37 53.42±0.37 

 PC6 A 0.471 -0.5924±0.818 0.471 53.54±0.37 52.95±0.37 53.54±0.37 

PTI PTI1 T 0.859 0.0655±0.368 0.859  53.47±0.37 53.53±0.37 

 PTI2 T 0.993 0.0044±0.479 0.976 53.53±0.37 53.51±0.37 54.37±0.37 

 PTI3 A <0.001sig 1.694±0.427 <0.001sig 53.18±0.36 54.87±0.36  

 PTI5 T 0.777 -0.586±2.06 0.777 54.05±0.36 53.47±0.36  

TRYP8 TRYP81 A 0.406 0.2435±0.292 0.004** 53.49±0.37 52.95±0.37 55.09±0.37 

 TRYP83 T 0.100 0.6634±0.401 0.100 53.19±0.37 53.86±0.37  

UBQE2I UBQE211 T 0.863 -0.0494±0.286 0.981 53.52±0.37 53.50±0.37 53.40±0.37 

 UBQE212 G 0.802 -0.07±0.278 0.943 53.33±0.37 53.52±0.37 53.53±0.37 

 UBQE213 G 0.996 -0.0013±0.293 0.914 53.65±0.37 53.41±0.37 53.52±0.36 

 UBQE214 T 0.645 -0.1301±0.281 0.875 53.49±0.37 53.29±0.37 53.28±0.37 

UCP2 UCP21 T 0.891 -0.0398±0.288 0.840 53.77±0.36 53.40±0.36 53.52±0.36 

 UCP22 C 0.697 -0.1229±0.314 0.852 53.09±0.37 53.55±0.37 53.58±0.37 

 UCP23 G 0.635 -0.1495±0.314 0.704 52.83±0.37 53.54±0.37 53.55±0.37 

 UCP24 T 0.693 0.24±0.604 0.693 53.48±0.37 53.72±0.37  

 UCP25 A 0.028* -2.21±0.996 0.028* 53.62±0.36 51.41±0.36  
sig Significant after the modified Bonferroni adjustment for multiple testing (P<0.05) 
*Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.05) 
** Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.01) 
& tended to affect the trait before the modified Bonferroni adjustment for multiple testing (P<0.10) 

1 RA is the substitution allele 
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Table 4.9. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) on marbling score 

Gene 

name 

SNP 

name 

Allele 

substitution 

effect 

 
 Genotype as fixed effect 

P-

value 

C/C (GG) C/T (A/G) T/T (A/A) 

RA1 P-value Estimate ± SE LSM ± SE LSM ± SE LSM ± SE 

ATP6V1B2 ATPase1 T 0.961 0.0034±0.068 0.506 4.930±0.05 4.901±0.05 5.284±0.05 

 ATPase2 C 0.177 -0.0585±0.043 0.203 4.941±0.05 4.877±0.05 4.973±0.05 

 ATPase3 C 0.744 -0.0269±0.082 0.744  4.902±0.05 4.929±0.05 

 ATPase4 A 0.875 0.0107±0.067 0.526 4.928±0.05 4.909±0.05 5.285±0.05 

CCKBR CCRB1 C 0.104 0.0717±0.044 0.261 5.019±0.05 4.969±0.05 4.892±0.05 

 CCRB2 G 0.070& 0.1139±0.063 0.159 5.152±0.05 4.682±0.05 4.915±0.05 

 CCRB3 T 0.809 0.0089±0.037 0.792 4.944±0.05 4.921±0.05 4.959±0.05 

CT CT5 T 0.609 0.0375±0.073 0.609 4.893±0.05 4.931±0.05  

PC PC1 G 0.222 0.0532±0.044 0.438 4.968±0.05 4.903±0.05 4.890±0.05 

 PC2 T 0.455 -0.0831±0.110 0.188 4.936±0.05 4.908±0.05 3.699±0.05 

 PC3 A 0.577 -0.0611±0.109 0.217 4.932±0.05 4.924±0.05 3.740±0.05 

 PC5 C 0.224 -0.0632±0.052 0.307 4.694±0.05 4.912±0.05 4.950±0.05 

 PC6 A 0.688 -0.0431±0.107 0.192 4.933±0.05 4.944±0.05 3.705±0.05 

PTI PTI1 T 0.584 -0.0283±0.052 0.584  4.942±0.05 4.914±0.05 

 PTI2 T 0.237 -0.0785±0.066 0.332 4.991±0.05 4.904±0.05 5.342±0.05 

 PTI3 A 0.237 -0.0718±0.061 0.237 4.943±0.05 4.872±0.05  

 PTI5 T 0.438 0.2358±0.302 0.438 4.701±0.05 4.937±0.05  

TRYP8 TRYP81 A 0.291 0.0417±0.040 0.576 4.901±0.05 4.941±0.05 4.985±0.05 

 TRYP83 T 0.574 -0.0317±0.056 0.574 4.948±0.05 4.917±0.05  

UBQE2I UBQE211 T 0.328 0.0398±0.041 0.246 4.914±0.05 4.905±0.05 5.045±0.05 

 UBQE212 G 0.341 0.0377±0.039 0.278 5.038±0.05 4.909±0.05 4.918±0.05 

 UBQE213 G 0.287 0.0442±0.041 0.332 5.047±0.05 4.917±0.05 4.908±0.05 

 UBQE214 T 0.211 0.0493±0.039 0.290 4.919±0.05 4.928±0.05 5.050±0.05 

UCP2 UCP21 T 0.406 0.0334±0.040 0.519 4.839±0.05 4.935±0.05 4.939±0.05 

 UCP22 C 0.484 -0.031±0.044 0.676 4.928±0.05 4.896±0.05 4.943±0.05 

 UCP23 G 0.582 -0.0244±0.044 0.659 4.963±0.05 4.901±0.05 4.946±0.05 

 UCP24 T 0.796 -0.0221±0.085 0.796 4.931±0.05 4.909±0.05  

 UCP25 A 0.342 0.1372±0.143 0.342 4.922±0.05 5.059±0.05  

Marbling corresponds as ≤3.0 = devoid; 3.1 to 4.0 = traces; 4.1 to 5.9 = slight; 6.0 to 7.0 = small to 

moderate; and ≥7.0 = slightly abundant to abundant. 
& tended to affect the trait before the modified Bonferroni adjustment for multiple testing (P<0.10) 

1 RA is the substitution allele 
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Table 4.10. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) on longissimus dorsi muscle (REA) (cm
2
) 

Gene 

name 

SNP 

name 

Allele substitution effect 
Genotype as fixed effect 

P-value 
C/C (GG) C/T (A/G) T/T (A/A) 

RA1 P-value Estimate ± SE LSM ± SE LSM ± SE LSM ± SE 

ATP6V1B2 ATPase1 T 0.700 0.5278±1.36 0.812 96.22±1.02 97.02±1.02 94.22±1.02 

 ATPase2 C 0.470 0.6289±0.866 0.489 99.14±1.02 96.51±1.02 96.51±1.02 

 ATPase3 C 0.582 0.9062±1.637 0.582  97.22±0.99 96.32±0.99 

 ATPase4 A 0.532 0.8439±1.342 0.686 96.17±1.02 97.33±1.02 94.30±1.02 

CCKBR CCRB1 C 0.238 -1.03±0.871 0.311 93.12±1.02 96.26±1.02 96.74±1.02 

 CCRB2 G 0.198 -1.611±1.249 0.422 93.10±1.03 98.05±1.03 96.41±1.03 

 CCRB3 T 0.885 -0.1063±0.731 0.897 96.22±1.02 96.56±1.02 96.06±1.02 

CT CT5 T 0.431 -1.148±1.448 0.431 97.40±0.99 96.26±0.99  

PC PC1 G 0.934 0.0716±0.866 0.881 96.61±1.02 96.23±1.02 97.12±1.02 

 PC2 T 0.799 0.5646±2.208 0.110 96.25±1.03 98.21±1.03 70.31±1.03 

 PC3 A 0.672 0.9439±2.214 0.115 96.30±1.00 98.61±1.00 71.86±1.00 

 PC5 C 0.329 1.026±1.044 0.276 94.45±1.01 97.55±1.01 95.83±1.01 

 PC6 A 0.878 0.334±2.167 0.121 96.27±1.03 97.93±1.03 70.25±1.03 

PTI PTI1 T 0.233 1.218±1.019 0.233  95.72±1.03 96.94±1.03 

 PTI2 T 0.638 -0.616±1.301 0.550 96.90±1.03 96.10±1.03 106.69±1.03 

 PTI3 A 0.097& 1.989±1.194 0.097& 95.95±1.00 97.94±1.00  

 PTI5 T 0.508 3.981±5.982 0.508 92.41±1.03 96.39±1.03  

TRYP8 TRYP81 A 0.642 0.3663±0.79 0.646 95.94±1.00 96.87±1.00 96.00±1.00 

 TRYP83 T 0.123 1.718±1.11 0.123 95.60±1.02 97.32±1.02  

UBQE2I UBQE211 T 0.932 0.0685±0.80 0.879 96.31±1.04 96.02±1.04 96.81±1.04 

 UBQE212 G 0.929 0.0704±0.783 0.831 96.95±1.03 96.03±1.03 96.39±1.03 

 UBQE213 G 0.937 -0.0656±0.819 0.890 96.68±1.03 95.97±1.03 96.36±1.03 

 UBQE214 T 0.681 0.3206±0.777 0.149 96.58±1.05 95.32±1.05 98.48±1.05 

UCP2 UCP21 T 0.359 -0.7314±0.79 0.632 97.53±1.03 96.36±1.03 95.83±1.03 

 UCP22 C 0.584 -0.4815±0.874 0.479 97.59±1.02 95.58±1.02 96.68±1.02 

 UCP23 G 0.586 -0.4801±0.878 0.468 97.72±1.02 95.61±1.02 96.70±1.02 

 UCP24 T 0.003** 5.164±1.690 0.003** 95.77±1.01 100.93±1.01  

 UCP25 A 0.726 -1.009±2.860 0.726 96.35±1.02 95.334±1.02  
** Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.01) 
& tended to affect the trait before the modified Bonferroni adjustment for multiple testing (P<0.10) 

1 RA is the substitution allele. 
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Table 4.11. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) on total fat of rib (TFR) (%) 

Gene 

name 

SNP 

name 

Allele substitution effect 
Genotype as fixed effect 

P-value 
C/C (GG) C/T (A/G) T/T (A/A) 

RA1 P-value Estimate ± SE LSM ± SE LSM ± SE LSM ± SE 

ATP6V1B2 ATPase1 T 0.834 -0.0954±0.452 0.275 23.02±0.34 22.69±0.34 26.54±0.34 

 ATPase2 C 0.092& -0.4719±0.279 0.197 22.54±0.34 22.58±0.34 23.18±0.34 

 ATPase3 C 0.367 -0.4862±0.535 0.367  22.56±0.34 23.04±0.34 

 ATPase4 A 0.685 -0.1813±0.445 0.235 23.03±0.34 22.61±0.34 26.52±0.34 

CCKBR CCRB1 C 0.329 0.2794±0.284 0.471 23.00±0.34 23.25±0.34 22.83±0.34 

 CCRB2 G 0.894 -0.0545±0.407 0.546 22.98±0.34 19.10±0.34 22.99±0.34 

 CCRB3 T 0.727 0.0838±0.239 0.701 22.85±0.34 23.19±0.34 23.05±0.34 

CT CT5 T 0.707 0.1793±0.474 0.707 22.85±0.35 23.03±0.35  

PC PC1 G 0.853 -0.0524±0.281 0.217 23.10±0.34 22.80±0.34 23.92±0.34 

 PC2 T 0.494 0.5027±0.731 0.765 22.96±0.34 23.40±0.34 25.10±0.34 

 PC3 A 0.670 0.309±0.722 0.858 22.98±0.35 23.21±0.35 25.13±0.35 

 PC5 C 0.518 -0.2226±0.342 0.405 21.57±0.34 23.05±0.34 23.06±0.34 

 PC6 A 0.656 0.3155±0.705 0.854 22.97±0.34 23.21±0.34 25.07±0.34 

PTI PTI1 T 0.344 -0.3208±0.337 0.344  23.14±0.34 22.82±0.34 

 PTI2 T 0.488 -0.2993±0.429 0.703 23.22±0.34 22.89±0.34 24.33±0.34 

 PTI3 A <0.001sig -1.485±0.388 <0.001sig 23.34±0.34 21.86±0.34  

 PTI5 T 0.694 0.7728±1.954 0.694  23.03±0.34 22.25±0.34 

TRYP8 TRYP81 A 0.426 -0.2071±0.258 0.023* 22.98±0.34 23.36±0.34 21.85±0.34 

 TRYP83 T 0.026* -0.8117±0.360 0.026* 23.35±0.34 22.54±0.34  

UBQE2I UBQE211 T 0.145 0.3859±0.264 0.33 22.74±0.34 23.06±0.34 23.59±0.34 

 UBQE212 G 0.146 0.3759±0.257 0.332 23.57±0.34 23.07±0.34 22.76±0.34 

 UBQE213 G 0.186 0.3587±0.270 0.375 23.34±0.34 23.23±0.34 22.77±0.34 

 UBQE214 T 0.099& 0.4127±0.249 0.236 22.89±0.34 23.20±0.34 23.80±0.34 

UCP2 UCP21 T 0.900 0.0326±0.260 0.591 22.59±0.34 23.15±0.34 22.94±0.34 

 UCP22 C 0.665 -0.1254±0.288 0.321 23.64±0.34 22.69±0.34 23.09±0.34 

 UCP23 G 0.801 -0.073±0.288 0.222 23.94±0.34 22.72±0.34 23.11±0.34 

 UCP24 T 0.602 -0.2926±0.558 0.602 23.03±0.34 22.74±0.34  

 UCP25 A 0.052& 1.811±0.927 0.052& 22.91±0.34 24.72±0.34  
sig Significant after the modified Bonferroni adjustment for multiple testing (P<0.05) 
*Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.05) 
& tended to affect the trait before the modified Bonferroni adjustment for multiple testing (P<0.10) 

1 RA is the substitution allele 
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Table 4.12. Estimates of allele substitution effects and genotypic effects (Least 

Squares Means) on University of Guelph lean yield (UGY) (%) 

Gene 

name 

SNP 

name 

Allele substitution effect 
Genotype as fixed effect 

P-value 
C/C (GG) C/T (A/G) T/T (A/A) 

RA1 P-value Estimate ± SE LSM ± SE LSM ± SE LSM ± SE 

ATP6V1B2 ATPase1 T 0.289 0.4067±0.382 0.289 59.701±0.186 60.11±0.186  

 ATPase2 C 0.181 0.2957±0.220 0.410 60.40±0.189 60.11±0.189 59.81±0.189 

 ATPase3 C 0.706 0.2221±0.587 0.706  59.98±0.192 59.76±0.192 

 ATPase4 A 0.289 0.4067±0.382 0.289 59.71±0.186 60.11±0.186  

CCKBR CCRB1 C 0.236 -0.27±0.227 0.084& 60.16±0.185 59.36±0.185 59.95±0.185 

 CCRB2 G 0.351 0.2792±0.298 0.351 60.25±0.188  59.69±0.188 

 CCRB3 T 0.483 -0.1457±0.207 0.230 60.14±0.186 59.57±0.186 59.80±0.186 

CT CT5 T 0.858 -0.0604±0.337 0.858 59.81±0.192 59.75±0.192  

PC PC1 G 0.169 -0.316±0.229 0.369 59.58±0.186 59.94±0.186 60.08±0.186 

 PC2 T 0.906 -0.0585±0.494 0.906 59.77±0.187 59.71±0.187  

 PC3 A 0.890 -0.07±0.506 0.890 59.77±0.192 59.70±0.192  

 PC5 C 0.488 -0.1682±0.242 0.616 59.04±0.187 59.74±0.187 59.81±0.187 

 PC6 A 0.741 -0.1588±0.478 0.741 59.78±0.187 59.62±0.187  

PTI PTI1 T 0.688 -0.1097±0.272 0.688  59.82±0.187 59.71±0.187 

 PTI2 T 0.540 -0.2223±0.362 0.407 59.98±0.188 59.64±0.188 61.70±0.188 

 PTI3 A 0.360 0.3261±0.355 0.360 59.71±0.192 60.04±0.192  

 PTI5 T 0.542 -0.6137±1.003 0.542 60.30±0.187 59.69±0.187  

TRYP8 TRYP81 A 0.981 0.0053±0.218 0.555 59.80±0.192 59.61±0.192 60.14±0.192 

 TRYP83 T 0.717 0.1058±0.291 0.717  59.82±0.187 59.72±0.187 

UBQE2I UBQE211 T 0.846 -0.0384±0.197 0.901 59.78±0.189 59.66±0.189 59.80±0.189 

 UBQE212 G 0.711 -0.0722±0.194 0.835 59.80±0.187 59.67±0.188 59.83±0.187 

 UBQE213 G 0.661 -0.0907±0.206 0.742 59.79±0.188 59.58±0.188 59.79±0.188 

 UBQE214 T 0.581 -0.1193±0.216 0.691 59.77±0.192 59.52±0.192 59.75±0.192 

UCP2 UCP21 T 0.322 -0.1966±0.198 0.244 59.64±0.187 59.99±0.187 59.49±0.187 

 UCP22 C 0.484 0.1552±0.221 0.709 59.79±0.187 59.89±0.187 59.67±0.187 

 UCP23 G 0.405 0.1822±0.218 0.618 59.81±0.187 59.93±0.187 59.66±0.187 

 UCP24 T <0.001sig 1.276±0.361 <0.001sig 59.61±0.181 60.89±0.181  

 UCP25 A 0.130 -0.8969±0.589 0.130 59.84±0.186 58.94±0.186  
sig Significant after the modified Bonferroni adjustment for multiple testing (P<0.05) 
& tended to affect the trait before the modified Bonferroni adjustment for multiple testing (P<0.10) 

1 RA is the substitution allele 
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Table 4.13. Estimates of allele substitution effects on carcass traits in the validation 

dataset 

 

F3, subcutaneous fat depth between the 3rd and 4th quarter of the longissimus dorsi muscle, mm; 

REA, longissimus dorsi muscle area, cm2; Marbling, was scored as ≤3.0 = devoid; 3.1 to 4.0 = traces; 4.1 

to 5.9 = slight; 6.0 to 7.0 = small to moderate; and ≥7.0 = slightly abundant to abundant.; SQFR, the % of 

subcutaneous fat from the rib section;; IFR, the % of intermuscular fat from the rib section. 
sig Significant after the modified Bonferroni adjustment for multiple testing (P<0.05) 
*Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.05) 
** Significant effect before the modified Bonferroni adjustment for multiple testing (P<0.01) 

RA2 is the substitution allele 

Gene 
BTA& 

Gene ID 
Trait

1
 SNP Name Ref_SNPs MAF RA

2
 No Estimate ± SE P value 

   
 

 
 

 
   

TRYP8 4:282603 F1 TRYP83 rs41256901 0.159 T 817 -1.1280±0.36 0.0018sig 

   
 

 
 

 
   

UBQE2I 6:282593 SQFR UBQE2I1 rs43482899 0.315 T 685 0.3765±0.12 0.0015sig 

   
 

 
 

 
   

  IFR UBQE2I1 rs43482899 0.316 T 687 0.3051±0.14 0.0262* 

   
 

 
 

 
   

ATP6V1B2 8:338082 F3 ATPase4 rs43562809 0.070 T 847 0.6461±0.29 0.0264* 

   
 

 
 

 
   

CCKBR 15:281665 REA CCKBR1 rs42670351 0.208 C 821 -1.7660±0.74 0.0178* 

   
 

 
 

 
   

  REA CCKBR2 rs42670352 0.204 G 848 -1.6570±0.73 0.0244* 

   
 

 
 

 
   

  REA CCKBR3 rs42670353 0.422 G 848 -1.5160±0.61 0.0129* 

   
 

 
 

 
   

PC 29:338471 F3 PC1 rs42194938 0.226 A 847 -0.3780±0.18 0.0318* 

   
 

 
 

 
   

  Marbling PC3 rs42195008 0.021 A 851 0.2251±0.10 0.0290* 

   
 

 
 

 
   

  Marbling PC5 rs42197375 0.122 G 851 0.1245±0.05 0.0068** 

   
 

 
 

 
   

  Marbling PC6 rs42197376 0.021 T 850 0.2255±0.10 0.0287* 
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Appendix 4.1.  Descriptive statistics (No., Mean, SD, Min and Max) of meat and quality 

traits for the validation dataset 

Trait 
Abbreviatio

n1 
No2 Mean SD Min Max 

Hot carcass weight, kg HCW 959 353.7 52.47 208 503 

       

Rib eye area, cm2 REA 848 94.34 14.61 59.35 138.4 

       

Lean meat within the rib section, % LR 664 54.55 6.79 25.0 75.19 

       

University of Guelph lean yield grade, % UGY 846 60.1 2.78 51.0 65.0 

       

Fat1 (mm) F1 850 13.42 5.62 1.0 30.0 

       

Fat2 (mm) F2 850 15.70 6.49 1.0 36.0 

       

Fat3 (mm) F3 847 9.60 3.66 1.0 22.0 

       

Grade fat GRF 846 8.82 3.25 1.0 19.0 

       

Intermuscular fat within the rib section, % IFR 687 10.087 3.22 1.2 20.51 

       

Body cavity fat within the rib section, % BFR 684 3.476 1.243833 0.962 7.296 

       

Total fat of rib, % TFR 958 0.1653 0.059379 0.04 0.420 

       

Marbling score,b Marbling 851 4.897 0.734 3.0 6.0 

       

Bone within the rib section, % BR 949 0.847 0.1068 0.54 1.22 
 

1 F1, subcutaneous fat depth between the 1st and 2nd quarter of the longissimus dorsi muscle; F2, 

subcutaneous fat depth between 2nd and 3rd quarter of the longissimus dorsi muscle; F3, subcutaneous fat 

depth between the 3rd and 4th quarter of the longissimus dorsi muscle; Total fat of rib (%), calculated as the 

sum of the % of subcutaneous fat, the % of intermuscular fat, and the % of body fat within the rib section. 
2 No. = Number of animals’ phenotypes and genotypes for testing the association. 
a Intermuscular fat (kg) is the fat between the muscle or seam fat.  
b Marbling was scored as ≤3.0 = devoid; 3.1 to 4.0 = traces; 4.1 to 5.9 = slight; 6.0 to 7.0 = small to 

moderate; and ≥7.0 = slightly abundant to abundant. 
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Appendix 4.2.  Genotypic and minor allele frequencies (MAF) for SNPs in the 

validation population. 

Gene ID SNP name 
Accession 

number 
Call Freq* 

Genotype Frequency 

MAF 

A/A A/B B/B 

539383 AMY2B6& rs42312301 0.994 0 0.004 0.996 0.002 

        338082 ATPase1 rs43563470 0.993 0.004 0.133 0.863 0.07 

        338082 ATPase2 rs43562811 0.993 0.554 0.382 0.063 0.255 

        338082 ATPase4 rs43562809 0.993 0.006 0.137 0.858 0.074 

        281665 CCRB1 rs42670351 0.962 0.624 0.319 0.056 0.216 

        281665 CCRB2 rs42670352 0.991 0.629 0.317 0.055 0.213 

        281665 CCRB3 rs42670353 0.993 0.329 0.496 0.176 0.423 

        780933 CT2& in silico 0.99 0.999 0 0.001 0.001 

        338471 PC1 rs42194938 0.991 0.062 0.347 0.591 0.235 

        338471 PC3 rs42195008 0.996 0.002 0.04 0.958 0.022 

        338471 PC4 rs42197374 0.987 0.447 0.435 0.119 0.336 

        338471 PC5 rs42197375 0.995 0.775 0.211 0.014 0.119 

        338471 PC6 rs42197376 0.994 0.003 0.038 0.959 0.022 

        404172 PTI1 rs43024409 0.958 0.131 0.457 0.412 0.36 

        282603 TRYP81 in silico 0.984 0.101 0.437 0.462 0.32 

        282603 TRYP83 rs41256901 0.955 0 0.316 0.684 0.158 

        282593 UBQE211 rs43482899 0.99 0.116 0.425 0.459 0.329 

        281562 UCP25& rs41774217 0.996 0.001 0.013 0.986 0.007 

* Call Freq is call frequency based on 1,032 genotyped animals 
& SNPs excluded from the association analysis because of low minor allele frequency 
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CHAPTER 5 

THE FUNCTIONAL IMPACT OF SINGLE NUCLEOTIDE POLYMORPHISMS 

(SNPS) IN GENES REGULATING DIGESTIVE FUNCTIONS IN BEEF 

CATTLE
1
 

5.1. Abstract 

Informative genetic mutations associated with feed efficiency in beef cattle would 

provide benefits for beef cattle breeders. The objective of this study was to determine the 

relationship between 9 SNPs within 4 candidate genes involved in digestive function with 

exocrine secretions of the pancreas, pancreas weight and performance in crossbred beef 

cattle. Phenotypes were collected on 90 crossbred steers of predominantly Angus (41%) 

and Simmental (24%) breeding that were fed a corn-silage backgrounding diet ad lib 

(first 56 days) followed by a high-moisture corn-based diet (56 days) at the Elora Beef 

Research Centre over two years (46 in year 1; 44 in year 2). Associations of body weight 

at end of backgrounding (BBW) and final body weight (FBW), pancreas weight, trypsin, 

and amylase concentrations with either genotypes or allele substitution effects were 

tested using a PROC MIXED procedure of SAS
®

 9.1. In cholecystokinin B receptor gene 

(CCKBR), substitution with the C allele of SNP rs42670351 was associated with an 

increase of 36.34±16.42 U/g pancreas of amylase (P<0.05). Genotypes in SNP CCBR1 

(rs42670351) tended to affect BBW (P=0.07) and amylase activity (P=0.075).   

1
 Part of this chapter has been presented elsewhere: 

M.K. Abo-Ismail1*, K. C. Swanson2, M. J. Kelly1, H. Salim1, E. J. Squires1 and S.P. 

Miller1. 2011. The functional impact of single nucleotide polymorphisms (SNPs) in 

genes regulating digestive functions in multi-breed beef cattle. The annual meeting of 

the CSAS/SCSA. May 2011. Halifax. 
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Substitution to the G allele of SNP rs42670352 in CCKBR was significantly associated 

with an increase of 17.88 kg of BBW (P<0.05) and tended to increase pancreas amylase 

by 43.5 U/g (P=0.079). Genotypes in SNP CCBR3 tended to affect BBW and FBW 

(P=0.069 and P=0.065, respectively). For the pancreatic trypsin inhibitor gene (PTI), 

substitution with the A allele of SNP PTI3 tended to decrease amylase activity by 36.56 

U/g (P=0.10) and increase FBW by 13.49 kg (P=0.052). For the pancreatic anionic 

trypsinogen gene (TRYP8), substitution with the A allele of SNP TRYP81 was 

significantly associated with an increase of 0.908 of U/g pancreas trypsin activity 

(P=0.0079), and tended to increase pancreas weight by 23.6 g (P=0.13) and increase 

FBW by 8.0 kg (P=0.08). Genotypes in SNP TRYP81 were significantly associated with 

trypsin activity (P=0.018). The additive effect of the A allele was associated with an 

increase of 1.5 of U/g of pancreas trypsin activity (P=0.04). In conclusion, 

polymorphisms in gene CCKBR are associated with the exocrine function of the 

pancreas, particularly with amylase activity. Also, polymorphisms in gene TRYP8 have a 

significant relationship with trypsin activity. The results provide evidence that the 

candidate genes studied contribute to genetic variation in the digestive efficiency in beef 

cattle. 

Key words: Single nucleotide polymorphism, amylase, trypsin, Cholecystokinin B 

receptor 

5.2. Introduction 

Feed efficiency is one of the most important traits in beef production (Okine, et al., 

2004). Residual feed intake (RFI) is a common trait sought for improving feed efficiency 
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in beef cattle. The major challenge in genetic improvement programs for feed efficiency 

is measuring feed intake, which is difficult and expensive to do for long enough and for 

large enough numbers of animals. Molecular genetic information or genetic markers 

make it possible to predict the genetic value of animals for such traits that are difficult or 

expensive to measure, like feed intake, therefore providing benefits to breeding programs 

(Dekkers, 2004).   

A large number of single nucleotide polymorphisms (SNPs) in the genomes of 

livestock species have been identified, now that large panels of SNPs are available for 

routine genotyping in cattle (Kitts and Sherry, 2007). Nonetheless, the challenge is not 

only to evaluate the impact of these polymorphisms on the phenotype of an individual 

animal but it is also to define if they might functionally explain the obtained association. 

Marker assisted selection (MAS), based on direct markers or functional mutations, 

increases the genetic gain and simplifies implementation across populations (Dekkers and 

Hospital, 2002).  

The molecular basis of some of the genetic variation in RFI has been reported in 

many studies (Herd et al, 2004; Richardson and Herd, 2004; Moore, 2009). The 

differences in digestive function explained 14% of variations in RFI (Herd et al., 2004). 

In a conservative estimation, digestive function was shown to contribute 10% to the 

variation in RFI (Richardson and Herd, 2004). Therefore, the differences in feed 

efficiency are affected to some degree by the site of digestion or utilization of digestive 

products. The inadequate production of specific digestive enzymes could be responsible 

for limitations in digestive efficiency. Limited pancreatic α-amylase may be a primary 
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reason for limitations in starch digestion in the small intestine in animals fed high grain 

diets (Swanson and Harmon, 2002).  

Unlike in non-ruminants, the mechanisms regulating pancreatic exocrine secretion 

in ruminants are not clear and need more investigation (Croom et al., 1992). However, 

they showed that the nervous system is responsible for regulating pancreatic exocrine 

secretion in ruminants where stimulating the vagal nerves of sheep increased trypsin, 

chymotrypsin, and amylase secretion.  

Cholecystokinin (CCK) is a regulator of pancreatic exocrine secretions (Croom et 

al., 1992; Tachibana et al., 1995; Zabielski, 2003; Singer and Niebergall-Roth, 2009), 

satiety, growth, intestinal motility, gall bladder contraction, and inhibition of gastric acid 

secretion (Rehfeld et al., 2007). The concentration of CCK has been shown to be 

correlated with a decrease in feed and energy intake in the lactating cow (Choi and 

Palmquist, 1996; Bradford et al., 2008). The CCKBR was the predominant subtype for 

regulating pancreas growth in the 28-day old calf and weaned calves (Le Meuth et al., 

1993). Thus, the biological function of gene CCKBR might affect cationic trypsin (CT), 

pancreatic α-amylase, pancreatic anionic trypsinogen (TRYP8), and pancreatic trypsin 

inhibitor genes (PTI). In Chapter 3, results indicated that polymorphisms in genes TRYP8 

and CCKBR were associated with feed efficiency and its components. Given the 

influence of these genes on the pancreas, a suspected link between these polymorphism 

and changes in activity of trypsin, pancreatic α-amylase, and pancreas weight could cause 

the effect seen on feed efficiency. Therefore, the objective of this study was to determine 

the relationship between (9) SNPs within (4) candidate genes involved in digestive 
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function with exocrine secretions of the pancreas, pancreas weight and performance in 

crossbred beef cattle. 

5.4. Materials and Methods 

The study was approved from The University of Guelph Animal Care Committee 

based on the recommendations outlined in the Canadian Council on Animal Care (1993) 

guidelines.  

Animals and phenotypes 

Phenotypes have been described in Mader et al., (2009) and Montanholi et al., 

(2009). Briefly, phenotypes were collected on 90 steers over two years (46 in year 1; 44 

in year 2). Animals were crossbred, with breed composition formed predominantly by 

Angus (40.53%), Simmental (23.82%), Piedmontese (10.97%) and Charolais (7.83%). 

Animals were born in one of two University of Guelph cooperating herds; the University 

of Guelph Elora Beef Research Station Centre (EBRC, 25) and the University of Guelph 

New Liskeard Agriculture Research Station (NLARS, 27) or were purchased from 

producers in Ontario, Canada (38). Calves were weaned at approximately 200 days of 

age, and were involved in a post-weaning trial for 112 days on average at the EBRC. 

Based on their start body weight (SBW), animals were assigned to 4 of 12 pens in year 1, 

and into 3 of 15 pens in year 2. Animals were fed ad lib a corn-silage backgrounding diet 

(corn silage: 86.1%; soybean meal: 12.0%; Premix A: 1.9%) during the adaptation period 

(two weeks) and through the first 56 days of the growing period. During the finishing 

period, steers were fed a high-moisture corn-based diet (high moisture corn: 80.0%; 

haylage: 10.0%; soybean meal: 4.7%; corn gluten meal: 1.8%; Premix B: 3.5%). The 
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composition of the diets was reported in Mader et al. (2009). Feed intake data was 

collected using the automated feeding system (Insentec, B.V., Marknesse, the 

Netherlands). Animals were not implanted with growth-promoting implants. Body 

weights (BW) of animals were measured and recorded at the start of the trial and every 

four weeks. Body weight at the end of backgrounding diet (i.e., end corn-silage diet) 

(BBW) and FBW were obtained. 

Sample collections and analysis 

All cattle were slaughtered at the University of Guelph Meat Science Laboratory 

Abattoir when individual animals reached a subcutaneous fat amount of approximately 7 

mm as determined by ultrasound (approximately six animals per week for eight weeks). 

Animals were not fasted before slaughter. Pancreas weights (g) were obtained on a wet 

basis and mid-pancreas samples were collected and submerged in liquid nitrogen and 

stored at -80°C to analyze pancreatic protein concentration (mg/g), trypsin (U/g pancreas) 

and α-amylase activity. One gram of pancreatic tissue was homogenized in 0.9% sodium 

chloride and used for analysis. The assay method of Lowry et al., (1951) was used to 

measure protein concentration using bovine serum albumin as a standard. Protein 

concentrations then were multiplied by fresh pancreas weight to calculate the pancreatic 

protein concentration. α-amylase activity (unit, 1 μmole product produced per min by g 

pancreas) was measured using a kit from Teco Diagnostics (Anaheim, CA) (Wallenfels et 

al., 1978). After activating trypsinogen with enterokinase (100 units/L), Geiger and 

Fritz’s (1986) procedure was used to measure trypsin activity (unit/g pancreas) (Glazer 

and Steer, 1977; Swanson et al., 2002).  
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DNA isolation, SNP discovery and genotyping 

SNPs in genes CT, TRYP8, PTI, and CCKBR were reported in another study 

(Chapter 3). Briefly, an in silico study was conducted to discover SNPs within the 

candidate gene using the available expressed sequence tags (EST) or whole genome 

shotgun (WGS) traces in the gene bank (Zhang et al., 2000). DNA sequence assembly 

software called Sequencher (Gene Codes Corporation, Ann Arbor, MI) was used to align 

the acquired ESTs or WGS with the cDNA sequence of each candidate gene. Then, SNPs 

were selected from the resulting list. In this study, nine SNPs were used. Five SNPs were 

reported in the gene bank, listed in Table 5.2. Four SNPs were selected based on 

Sequencher detection. Gene name, chromosome number, SNP name, GenBank accession 

number, and SNP position are given in Table 5.2.  

Genomic DNA was extracted from tissue or blood samples using different 

methods. Prepared DNA samples were sent to Merial Ltd. for genotyping using a 

commercial platform for high-throughput SNP genotyping using an allele-specific primer 

extension on a microarray (Pastinen, 2000; Makridakis, 2001). In this study, 90 

genotyped animals had pancreas weight and enzyme measurements taken. 

Statistical analysis 

Genotypic analysis. Associations of the genotypes with the BBW, FBW, 

pancreas weight, trypsin, and amylase concentrations were tested using the PROC 

MIXED of SAS 9.1 software (SAS Institute Inc, Cary, NC, USA). In the evaluation of 

BBW, the statistical model was: 
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Yijklmn = µ + Yri + SBWj + Gk+ Penm(Yri*SBWj) + β1 AN + β2 CH + β3 LM +β4  

SM + β5 PI+ β6 HET + eijklmn                       (5.1) 

in which Yijklm is the trait measured in the n
th

 animal from m
th 

 pen within the i
th

 year by 

the j
th

 SBW group; µ is the overall mean for the trait; Gk(l) is the fixed effect of the k
th

 

genotype for given SNP; Yri is the fixed effect of the i
th 

 year; SBWj is the fixed effect of 

the j
th 

 starting BW group; β1 to β5 are the regression coefficients of the linear regressions 

on proportion of  Angus (AN), Charolais (CH), Limousin (LM), Simmental (SM) and 

Piedmontese (PI) in the n
th

 animal; β6 is the regression coefficient of the linear regression 

on percent of heterozygosity of n
th 

animal; Penm(Yri*SBWj) is the random effect of the 

m
th

 pen within year by SBW group; and the eijklmn is the residual random effect associated 

with the n
th

 animal.   

The models used for testing the associations between genotypes and FBW, 

pancreas weight, trypsin, and amylase concentrations are similar to (1) but included the 

effect of slaughter week for all traits and FBW for pancreas weight. 

The additive and dominance effect for SNPs having the three classes of genotype 

were estimated. The additive effect (a) was calculated as the contrast between the two 

homozygous genotype means divided by two. The dominance effect (d) was calculated as 

the deviation of the heterozygote genotype from the mean of the two homozygous 

genotypes (Falconer and Mackay, 1997). 

Allele substitution effect model. This model included the same effects in the 

genotypic model, except that the genotypic effect was replaced with allele substitution 

effect, which is estimated by regressing the phenotype on the number of copies of a 
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minor allele (-1, 0, or 1) using PROC MIXED of SAS 9.1 software. High significance 

was declared at P < 0.01whereas significance and tendency were declared at P ≤ 0.05 and 

0.05 < P ≤ 0.25, respectively. 

5.4. Results 

The descriptive statistics of traits in the study is given in Table 5.1. Table 5.2 

shows the estimated genotype and allele frequency for SNPs in the study.  

5.4.1. CCKBR gene 

Results in Table 5.4 showed that substitution with the C allele of SNP rs42670351 

was associated with an increase of 36.34 unit/g pancreas of pancreatic α- amylase 

(P < 0.05). Genotypes in SNP CCRB1 (rs42670351) tended to affect BBW (P=0.07) and 

amylase activity (Table 5.3, P=0.075). The additive effect (the two homozygotes means 

divided by two) of allele C was 16.24 kg (P=0.063), and the dominant effect (the 

deviation of the heterozygote from the homozygote’s mean) was -22 kg (P < 0.05) for 

BBW. The additive effect of SNP rs42670351 C allele was 49.59 unit/g pancreas of 

pancreatic α- amylase, whereas its dominance effect was -19.8 unit/g pancreas kg of 

pancreatic α- amylase. 

In rs42670352, substitution to the G allele of SNP rs42670352 was significantly 

associated with an increase of 17.88 kg of BBW (Table 5.4, P < 0.05) and tended to 

increase pancreatic α- amylase by 43.5 unit/g (Table 5.3, P=0.079). Genotypes in 

rs42670352 were significantly associated with BBW (Table 3, P < 0.05) and tended to 

increase pancreatic α- amylase activity (Table 5.3, P=0.079).  
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Genotypes in SNP CCRB3 tended to affect BBW and FBW (P=0.069 and 

P=0.065, respectively). The dominance effect of the T allele was associated with a 

decrease of 15.2 and 14 kg, BBW and FBW, respectively. 

5.4.2. CT gene 

Substitution to the T allele of SNP CT5 tended to increase pancreatic trypsin by 

0.906 unit/g pancreas (Table 5.6, P=0.196). Moreover, genotypes in SNP CT5 tended to 

decrease BBW (Table 5.5, P=0.24). 

5.4.3. PTI gene 

Substitution with the A allele of SNP PTI1 tended to decrease BBW by 8.9 kg 

(Table 5.6, P=0.19), decrease pancreatic protein concentration by 8.43 (mg/g) (Table 5.6, 

P=0.21), and decrease panaceas weight by 20.1 g (Table 5.6, P=0.31). For SNP PTI3, 

substitution with the A allele tended to decrease amylase activity by 36.56 unit/g (Table 

5.6, P=0.10) and increase FBW by 13.49 kg (Table 5.5, P=0.052). In SNP PTI5, 

substitution with the T allele was associated with an increase of 33.86 kg of BBW (Table 

5.5, P=0.10). Genotypes in PTI5 SNP tended to affect BBW (Table 5.5, P=0.10) and did 

not significantly influence pancreas weight (P=0.73), pancreatic trypsin activity (Table 

5.5, P=0.50) and pancreatic α-amylase activity (Table 5.5, P=0.77). 

5.4.4. TRYP8 gene 

For SNP TRYP81, substitution with the A allele was significantly associated with 

an increase of 0.908 of unit/g of pancreatic trypsin activity (Table 5.8, P=0.0079), and 

tended to increase pancreas weight by 23.6 g (Table 8, P=0.13) and increase FBW by 

8.0 kg (Table 5.8, P=0.08). Genotypes in SNP TRYP81 were significantly associated 
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with trypsin activity (Table 5.7, P=0.018). The additive effect of the A allele was 

associated with an increase of 1.5 of unit/g pancreas trypsin activity (P=0.04), whereas its 

dominance effect was associated with an increase of 0.47 unit/g pancreas of trypsin 

activity (Table 5.7, P=0.3). Also, genotypes in SNP TRYP81 did not significantly affect 

pancreas weight (Table 5.7, P=0.3) where the additive and dominance effects were 

associated with increases of 24.98 and 3.3 g, respectively. Genotypes in SNP TRYP81 

tended to affect FBW (Table 5.7, P=0.15).  

Results in Table 5.7 indicated that genotypes for SNP TRYP83 did not 

significantly influence trypsin (P=0.5) and amylase activity (P=0.46). Nonetheless, 

substitution of the T allele tended to decrease pancreas weight by 25.2 g (Table 5.7, 

P=0.21). 

5.5. Discussion 

In beef cattle, dietary manipulation is not the only factor regulating digestive 

enzymes
 

synthesis (e.g. amylase and trypsin), secretion rate and pancreas weight 

(Swanson et al., 2000; Swanson et al., 2002). This suggests that genetics at the molecular 

level (transcription and post-transcription) might play an important role in regulating 

these processes (Swanson et al., 2008). Thus, this study aimed to investigate the 

relationship between identified mutations (SNPs) in genes CT and TRYP8 and pancreatic 

tissue weight, digestive and enzyme activity. Also, the association between mutations in a 

gene regulating pancreas exocrine activity (i.e. CCKRB) or controlling the activity of 

trypsin (i.e. PTI) and pancreatic tissue weight and digestive enzyme activity was 

investigated. 
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In this study, the association analysis has been done on 90 animals. All animals 

were fed a similar diet for two years to avoid the effect of diet on pancreas weight and 

enzyme activity. The small sample size may explain the missing class of genotypes 

within some SNPs. Additive or dominance effects were not estimated for all SNPs in the 

study as one of the homozygotes was missing. However, the allele substitution effect was 

estimated for all SNPs. Although the sample size used in this study is relatively small 

compared with the number of animals in other studies reported here (Chapters 3, 4, and 

5), this is the first work in exploring association, such as pancreas mass and enzyme 

activity, between polymorphisms in the selected genes and traits in beef cattle.  

The descriptive statistics of evaluated traits (pancreas weight and enzyme activity) 

were within the bounds of that measured by Mader et al. (2009). The estimated RFI 

values for these 90 animals ranged from −1.41 to 1.73 kg of dray matter (DM) d
-1

 with an 

average 0.0 kg of DM d
-1

. Estimated RFI values for animals in the current study ranged 

from -1.55 to 3.84 kg of DM d
-1

 with an average of 0.029 kg of DM d
-1

 based on the 

estimated RFI in Chapter 3, indicating that the subset of 90 animals reflect the variation 

in feed efficiency found in the larger population used in Chapter 3. 

The CCKBR gene 

Gene CCKBR SNP rs42670351 was significantly associated with amylase activity 

where the substitution of the C allele was associated with an increase in pancreatic α-

amylase activity. Removing the CC genotype (three animals) gave the same trend of 

allele substitution effect obtained as when all genotypes were included (P=0.09). Also, 

genotypes in SNP rs42670352 tended to affect amylase activity where the estimated 
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substitution effect of the G allele was associated with an increase in amylase activity. 

These results indicated that mutations in gene CCKBR affect amylase activity from the 

pancreas as the CCKBR gene receptor modulates the stimulation of CCK to the pancreas. 

Le Drean et al. (1999) reported that the secretion of pancreatic enzymes was mediated by 

CCKB receptors under stimulation with physiological levels of CCK and gastrin. 

Furthermore, CCK plays a very important role in releasing and stimulating insulin, which 

Williams et al. (1993) and Swanson et al. (2004) reported to play an essential role in 

pancreatic amylase synthesis. The current results associating an increase of pancreatic α- 

amylase and SNPs rs42670351 and rs42670352 may explain the significant relationship 

obtained between these SNPs and the decrease in DMI, RFI, and FCR. However, the 

result obtained from the current study should be taken with caution as both SNPs are 

synonymous mutations. Nonetheless, they might be in linkage disequilibrium (LD) with 

the mutation causing the differences observed or quantitative trait nucleotide (QTN).   

In this study, the polymorphisms in gene CCKBR tended to affect pancreas 

weight. Pancreas growth is regulated by CCKBR particularly after weaning (Gasslander 

et al., 1990; Le Meuth et al., 1993). The relationship between pancreas growth (as an 

increase of cell size or number) and the level of its enzyme secretion is not clear, but it is 

suggested that if the pancreas has a smaller number of larger cells, it will consume less 

energy for maintenance (Savage et al., 2007), and subsequently make more energy 

available for enzyme synthesis and secretion (Swanson et al., 2008). 

Results from the current study indicated that SNP genotypes in CCRB1 

(rs42670351) tended to affect BBW. This result agreed with the obtained trend of this 
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allele on ADG, where substituting the C allele was associated with an increase in ADG 

(Chapter 3), whereas it did not show an association with FBW. Also, genotypes in SNP 

CCRB2 (rs42670352) were significantly associated with increasing BBW. The 

association of CCRB SNPs with BBW and FBW found in the current study corroborates 

the results reported by Houston et al. (2006) and Houston et al. (2008) where they 

reported a relationship between polymorphisms in CCK receptor A (the 5`-untranslated 

region of the porcine Cholecystokinin type A) with growth. 

The CT gene 

Genotypes in SNP CT5 tended to affect trypsin activity where substituting the T 

allele was associated with an increase in pancreatic trypsin activity. Nonetheless, the T 

allele tended to decrease BBW, which might be due to its negative but not significant 

relationship with amylase activity. These results agree with results obtained in Chapter 3 

as there was no significant relationship between SNP CT5 and feed efficiency traits. In 

humans, mutations such as R122H in gene CT were associated with pancreatitis (Chen 

and Ferec, 2000). 

The PTI gene 

Substitution with the A allele of SNP PTI1 was associated with a decrease in 

BBW, pancreatic protein concentration (mg/g), and panaceas weight (g). The decrease in 

pancreas weight might explain the decrease in pancreatic protein concentration (mg/g 

pancreas). Also, SNP PTI1 tended to decrease amylase and pancreatic protein 

concentration, which might explain the decrease in FBW, which could be due to 

decreased digestive efficiency. 
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For SNP PTI3, substitution with the A allele was associated with an increase in 

FBW. Results from Chapter 4 indicated that the estimated effects of SNP PTI3 were 

significant in decreasing fat deposition (FAT2, FAT3, SUQF and TFR) and in increasing 

lean (LEANY and LEANR) in beef. SNP PTI3 may be in high LD with the causal 

mutation or it might be the causal mutation for producing leaner beef as it is located in 

the coding region of gene PTI changing the sequence of amino acids from Alanine to 

Valine. In the current study, SNP PTI3 was associated with a decrease in pancreatic α-

amylase and an increase in pancreas weight, pancreatic protein concentration, and 

trypsin. Thus, there might be relatively low levels of glucose available for fattening and 

relatively high levels of amino acids available for protein synthesis and, subsequently, 

decreasing fat deposition and increasing lean. Also, gene PTI variants mutated in 

different locations play an important role in the affinity of PTI for trypsin-like enzymes 

(Ascenzi et al., 2003), subsequently affecting the activity of these enzymes which might 

affect the efficiency of protein digestion. Further investigation is required to understand 

the biology of the relationship between PTI3 SNP and amylase activity. 

The TRYP8 gene 

In the current study, substitution with the A allele of SNP TRYP81 was 

significantly associated with an increase in pancreas trypsin activity (U/g pancreas), 

slightly associated with an increase in pancreas weight and FBW. Also, genotypes in 

SNP TRYP81 were significantly associated with trypsin activity, showing an additive 

mode of action. Although SNP TRYP81 is synonymous (Alanine/Alanine), it might be in 

LD with the mutation within gene TRYP8 causing these effects. Pancreatic enzymes 

http://en.wikipedia.org/wiki/Alanine
http://en.wikipedia.org/wiki/Valine
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might be responsible for the variation in digestive efficiency between animals (Swanson 

et al., 2004). Nonetheless, there was no relationship between performance, feed 

efficiency or the concentration of the pancreatic enzyme, trypsin, in feedlot cattle (Mader 

et al., 2009). Results obtained in Chapter 3 indicated that SNP TRYP81 did not have a 

significant influence on feed efficiency traits except where genotypes tended to increase 

MMWT (P=0.058). In pigs, the concentration of the pancreatic enzyme, trypsin, was 

positively associated with ADG, whereas it was negatively associated with feed 

conversion ratio (P<0.05) (van den Borne et al., 2007). Trypsinogen can be an activator 

of the proteinase-activated receptor 2 (PAR-2), which is highly expressed in digestive 

organs, such as the pancreas and intestine, and stimulates many biological processes, 

such as cell proliferation (Ossovskaya and Bunnett, 2004). In mice, down-regulation of 

trypsinogen was associated with growth retardation in α1, 6-fucosyltransferase-knockout 

mice (Li et al., (2006). 

SNP rs41256901 showed a significant association with feed efficiency (Chapter 

3), and a significant decline in seam fat (Chapter 4), without having any significant effect 

on other carcass and beef quality traits. Results from Chapters 3 and 4 support SNP 

rs41256901 as a potential SNP for selecting the most efficient animal without affecting 

any other important traits, such as marbling. Results in the current study indicated that 

SNP TRYP83 did not significantly influence pancreatic trypsin activity. In humans, SNP 

(p.D153H) in anionic trypsinogen altered the modification after translation, but had no 

effect on the activity of the trypsin enzyme (Rónai et al., 2009). Also in humans, a 

mutation in anionic trypsinogen (p.G191R) was found to protect the individual from 

pancreatitis (Kume et al., 2009). 
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Because of the small number of animals in the association analysis, these results 

must be viewed with caution. We did not find strong associations in gene CT, however 

we did find many other associations. Nonetheless, the results presented here provide 

evidence that the candidate genes studied contribute to genetic variation in the digestive 

efficiency of beef cattle. 

5.5. Conclusion 

The polymorphisms in gene CCBR gene were found to modulate the exocrine 

function of the pancreas, particularly amylase activity. Also, polymorphisms in gene 

TRYP8 have a strong relationship with trypsin activity. Because of the small number of 

animals in the association analysis, these results must be viewed with caution and 

validated in another population. Nonetheless, the results presented here provide evidence 

(and support a larger study linking these SNPs with cattle performance traits) that the 

candidate genes contribute to genetic variation in the digestive efficiency of beef cattle. 
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Table 5.1. Descriptive statistics for steers’ growth and digestive function 

Variable No. Mean SD Minimum Maximum 

Days of feed 90 168.68 16.46 140 195 

      
SBW, kg 90 311.04 42.92 206 427 

      
BBW, kg 90 385.12 50.44 263 495 

      
FBW, kg 90 583.61 36.56 451 692.5 

      
Pancreas weight, g 89 480.05 95.67 270.8 746.1 

      
Pancreatic protein, mg/g pancreas 90 159.51 30.08 93.02 232.11 

      
Pancreatic trypsin, units‡/g pancreas 86 4.93 2.17 1.38 11.9 

      
Pancreatic α- amylase, units‡/g pancreas 90 322.76 84.43 55.2 568.3 

FBW is final body weight 

BBW is backgrounding body weight (i.e., body weight at the end corn silage diet) 

SBW is the start body weight at the beginning of the trial 
‡ unit is 1 μ mole product produced per min by g pancreas 
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Table 5.2. Single nucleotide polymorphisms and corresponding genes used in tests 

for association with steers’ growth and digestive function  
Gene BTA& 

Entrez 

gene ID 

SNP 

name 

Accession 

number 

Amino acid 

change 

Genotype GF1 AF2 

CT 4:780933 CT5 In silico Synonymous C/C (10) 0.116 C (0.558) 

     C/T (76) 0.884 T (0.442) 

        

TRYP8 4: 282603 TRYP81 in silico Synonymous G/G (38) 0.442 G(0.669) 

     A/G (39) 0.453 A (0.331) 

     A/A (9) 0.105  

        

  TRYP83  rs41256901 Missense (S/F) C/C (60) 0.698 C (0.849) 

     C/T (26) 0.302 T (0.151) 

        

CCRB 15:281665 CCRB1 rs42670351 Synonymous A/A (47) 0.540 A (0.753) 

     A/C (37) 0.425 C (0.247) 

     C/C (3) 0.034  

        

  CCRB2 rs42670352 Synonymous G/G (3) 0.034 G(0.034) 

     T/T (84) 0.966 T (0.966) 

        

  CCRB3 rs42670353 synonymous C/C (22) 0.253 C (0.506) 

     C/T (44) 0.506 T (0.494) 

     T/T (21) 0.241  

        

PTI 13:404172 PTI1 rs43024409 3M/L A/T (36) 0.414 A (0.207) 

     T/T (51) 0.586 T (0.793) 

        

  PTI3 in silico A/V G/G (67) 0.779 G(0.890) 

     A/G (19) 0.221 A (0.110) 

        

  PTI5 rs41257167 I/M G/G (2) 0.023 G(0.512) 

     G/T (84) 0.977 T (0.488) 
1
 GF is the genotypic frequency. 

2 AF is allele frequency. 
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Table 5.3. Association of gene cholecystokinin B receptors’ (CCKBR) SNP genotypes with steers’ growth and digestive function  

  
 C/C (GG) C/T (A/C) T/T (A/A) 

  
Trait ‡‡ SNP name P-value1 LSM±SE LSM±SE LSM±SE a2 ± SE d3 ± SE 

End Corn Silage BW, kg CCRB1 0.073& 419.29±16.773 380.93±6.0887 386.8±5.6386 16.24± 8.6‡ -22.12± 9.56 * 

Final BW, kg CCRB1 0.972 581.70±15.5366 582.67±5.2481 584.00±  4.7827 -1.15± 8.0 -0.182±9.12 

Pancreas weight, g CCRB1 0.255 424.57±49.9348 493.1±16.9661 470.26±14.9688 -22.84± 25.32 45.69±28.20 

Pancreatic protein, mg/g CCRB1 0.893 157.59 ±17.9602 163.09± 7.7731 160.27±7.3900 -1.34±8.85 4.16±10.13 

Pancreatic trypsin, unit/g pancreas CCRB1 0.664 5.0917±1.1561 5.1804±0.3076 4.7271±0.2690 0.182±0.62 0.28±0.68 

Pancreatic α- amylase, unit/g pancreas CCRB1 0.075& 407.97±47.3105 338.58±14.2423 308.77±12.6136 49.59±24.76 * -19.80±28.01 

        
End Corn Silage BW, kg CCRB2 0.0358 420.00±16.6661 

 
384.24±4.6333 

  
Final BW, kg CCRB2 0.9111 581.67±15.4126 

 
583.42±3.8788 

  
Pancreas weight, g CCRB2 0.2381 420.86±49.9563 

 
479.69±12.5776 

  
Pancreatic protein, mg/g CCRB2 0.8195 157.53±17.8323 

 
161.50±6.6791 

  
Pancreatic trypsin, unit/g pancreas CCRB2 0.9302 1.5017±0.2202 

 
1.4817±0.03371 

  
Pancreatic α- amylase, unit/g pancreas CCRB2 0.0793& 408.69±47.4774 

 
321.67±8.5306 

  

        
End Corn Silage BW, kg CCRB3 0.069& 392.59±6.2279 378.32±4.8845 394.43±6.7141 0.917±4.16 -15.1929±6.4489* 

Final BW, kg CCRB3 0.065& 588.57±6.3402 576.21±5.3180 591.78±6.8302 1.61±3.97 -13.9633±5.8553* 

Pancreatic protein, mg/g CCRB3 0.4224 154.49 ±8.4472 163.71± 7.4905 163.70±8.9383 4.61±4.51 4.6154±6.6628 

Pancreatic trypsin, unit/g pancreas CCRB3 0.3752 4.6690±0.4020 5.2536±0.2689 4.5023±0.4502 -0.83±0.31 0.6680±0.4767 

Pancreatic α- amylase, unit/g pancreas CCRB3 0.5707 337.31±18.3517 315.33±14.1760 333.48±20.1227 -1.91±13.24 -20.0632±19.5155 

1 P-value for the overall genotype effect 

2 Additive effect is estimated as the difference between the 2 homozygous means divided by 2 

3 Dominance effect is estimated as the non-additive genetic effects or the deviation of the heterozygote from the mean of the 2 homozygotes 
* P-value ≤ 0.05 is significance 
‡ 0.05 < P-value < 0.25 is tendency. 
 ‡‡ unit is 1 μ mole product produced per min by g pancreas 
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Table 5.4. Allele substitution effect of single nucleotide polymorphisms in 

cholecystokinin B receptor (CCKBR) gene with steers’ growth and digestive 

function  

Trait
‡‡

 SNP name MA1 P-value Estimate ±SE 

End Corn Silage BW, kg CCRB1 C 0.7957 1.5622±6.01 

Final BW, kg CCRB1 C 0.8102 -1.2704±5.27 

Pancreas weight, g CCRB1 C 0.6302 8.3537±17.26 

Pancreatic protein, mg/g pancreas CCRB1 C 0.8101 1.3953±5.78 

Pancreatic trypsin, unit/g pancreas CCRB1 C 0.4151 0.3577±0.44 

Pancreatic α- amylase, unit/g pancreas CCRB1 C 0.0304* 36.3485±16.42 

  
 

  
End Corn Silage BW, kg CCRB2 G 0.0358* 17.8774±8.36 

Final BW, kg CCRB2 G 0.9111 -0.8751±7.81 

Pancreas weight, g CCRB2 G 0.238‡ -29.4114±24.68 

Pancreatic protein, mg/g pancreas CCRB2 G 0.8195 -1.9835±8.66 

Pancreatic trypsin, unit/g pancreas CCRB2 G 0.9302 0.01±0.12 

Pancreatic α- amylase, unit/g pancreas CCRB2 G 0.0793‡ 43.5120±24.42 

  
 

  
End Corn Silage BW, kg CCRB3 T 0.9875 0.06712±4.27 

Final BW, kg CCRB3 T 0.9593 0.2092±4.08 

Pancreas weight, g CCRB3 T 0.8018 -3.3560±13.32 

Pancreatic protein, mg/g pancreas CCRB3 T 0.2629 5.0273±4.45 

Pancreatic trypsin, unit/g pancreas CCRB3 T 0.8812 -0.04733±0.32 

Pancreatic α- amylase, unit/g pancreas CCRB3 T 0.7581 -4.0582±13.12 

1 MA is the minor allele where the allele substitution effect was estimated by regressing the phenotype on 

the number of copies of a minor allele (-1, 0, or 1). 
* P-value ≤ 0.05 is significance, 
‡ 0.05 < P-value < 0.25 is tendency. 
‡‡ unit is 1 μ mole product produced per min by g pancreas 
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Table 5.5. Association of the pancreatic trypsin inhibitor (PTI) and cationic trypsin (CT) 

genes’ SNP genotypes with steers’ growth and digestive function  

Trait‡‡ 
 

 C/C (GG) C/T (A/C) T/T (A/A) 

SNP 

name 
P-value1 LSM±SE LSM±SE LSM±SE 

End Corn Silage BW, kg CT5 0.241‡ 395.75±9.37 384.21±4.04 
 

Final BW, kg CT5 0.9336 584.07±8.85 583.32±4.30 
 

Pancreas weight, g CT5 0.6469 488.18±28.5 474.67±14.5 
 

Pancreatic protein, mg/g CT5 0.7774 159.15±10.7 161.93±6.47 
 

Pancreatic trypsin, unit/g pancreas CT5 0.1966‡ 4.1567±0.62 5.063±0.15 
 

Pancreatic α- amylase, unit/g pancreas CT5 0.4946 343.01±27.4 323.31±11.1 
 

      
End Corn Silage BW, kg PTI1 0.1908‡ 

 
380.56±5.31 389.52±4.5 

Final BW, kg PTI1 0.7116 
 

581.99± 5.27 584.30±4.6 

Pancreas weight, g PTI1 0.3166 
 

466.16±17.4 486.29±16 

Pancreatic protein, mg/g PTI1 0.219‡ 
 

156.40±8.05 164.83±7.6 

Pancreatic trypsin, unit/g pancreas PTI1 0.4515 
 

4.7801±0.22 5.1436±0.3 

Pancreatic α- amylase, unit/g pancreas PTI1 0.8275 
 

323.01±15.98 327.38±14 

      
End Corn Silage BW, kg PTI3 0.4508 384.40±4.11 390.43±7.34 

 
Final BW, kg PTI3 0.0526‡ 580.54±3.91 594.03±6.49 

 
Pancreas weight, g PTI3 0.5549 473.19±15.04 487.15±20.40 

 
Pancreatic protein, mg/g PTI3 0.6269 160.79±6.56 164.59±8.82 

 
Pancreatic trypsin, unit/g pancreas PTI3 0.8008 4.9187±0.17 5.0583±0.45 

 
Pancreatic α- amylase, unit/g pancreas PTI3 0.1036‡ 333.45±9.78 296.89±19.39 

 

      
End Corn Silage BW, kg PTI5 0.1046& 353.36±20.47 387.23±3.51 

 
Final BW, kg PTI5 0.6033 573.42±19.51 583.66± 3.68 

 
Pancreas weight, g PTI5 0.735 499.13±63.63 476.95±14.47 

 
Pancreatic protein, mg/g PTI5 0.3121 183.05±22.14 161.11±6.93 

 
Pancreatic trypsin, unit/g pancreas PTI5 0.5049 5.9544±1.54 4.9065±0.14 

 
Pancreatic α-  amylase, unit/g pancreas PTI5 0.7699 307.85±63.03 326.50±11.21 

 
1 P-value for the overall genotype effect 
‡ 0.05 < P-value < 0.25 is tendency. 
‡‡ unit is 1 μ mole product produced per min by g pancreas 
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Table 5.6 Allele substitution effect of single nucleotide polymorphisms in cationic 

trypsin (CT) and pancreatic trypsin inhibitor (PTI) genes with steers’ growth 

and digestive function  
Trait

‡‡
 SNP name MA1 P-value Estimate ±SE 

End Corn Silage BW, kg CT5 T 0.241‡ -11.5357±9.76 

Final BW, kg CT5 T 0.9336 -0.7430±8.88 

Pancreas weight, g CT5 T 0.6469 -13.5038±29.34 

Pancreatic protein, mg/g CT5 T 0.7774 2.7786±9.79 

Pancreatic trypsin, unit/g pancreas CT5 T 0.1966 0.9063±0.70 

Pancreatic α- amylase, unit/g pancreas CT5 T 0.4946 -19.7011±28.68 

  
 

  
End Corn Silage BW, kg PTI1 A 0.1908‡ -8.9661±6.79 

Final BW, kg PTI1 A 0.7116 -2.3114±6.23 

Pancreas weight, g PTI1 A 0.3166 -20.1303±19.94 

Pancreatic protein, mg/g PTI1 A 0.2191‡ -8.4320±6.80 

Pancreatic trypsin, unit/g pancreas PTI1 A 0.4515 0.3635±0.48 

Pancreatic α- amylase, unit/g pancreas PTI1 A 0.8275 -4.3743±20.0 

  
 

  
End Corn Silage BW, kg PTI3 A 0.4508 6.0389±7.97 

Final BW, kg PTI3 A 0.0526‡ 13.4982± 6.84 

Pancreas weight, g PTI3 A 0.5549 13.9568±23.46 

Pancreatic protein, mg/g PTI3 A 0.6269 3.8013±7.78 

Pancreatic trypsin, unit/g pancreas PTI3 A 0.8008 0.1396±0.55 

Pancreatic α- amylase, unit/g pancreas PTI3 A 0.1036 -36.5572±22.14 

  
 

  
End Corn Silage BW, kg PTI5 T 0.1046‡ 33.8642±20.60 

Final BW, kg PTI5 T 0.6033 10.2440±19.62 

Pancreas weight, g PTI5 T 0.735 -22.1787±65.24 

Pancreatic protein, mg/g PTI5 T 0.3121 -21.9392±21.54 

Pancreatic trypsin, unit/g pancreas PTI5 T 0.5049 -1.0479±1.56 

Pancreatic α- amylase, unit/g pancreas PTI5 T 0.7699 18.6564±63.51 

1 MA is the minor allele where allele substitution was estimated by regressing the phenotype on the number 

of copies of a minor allele (-1, 0, or 1) 
& 0.05 < P-value < 0.25 is tendency. 
‡‡ unit is 1 μ mole product produced per min by g pancreas 
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Table 5.7.  Association of pancreatic anionic trypsinogen (TRYP8) gene SNP genotypes with steers’ growth and digestive function  

Trait‡‡   
C/C (GG) C/T (A/C) T/T (A/A) 

  
SNP name P-value1 LSM±SE LSM±SE LSM±SE a ± SE2 d ± SE3 

End Corn Silage BW, kg TRYP81 0.85 383.82±5.13 387.53±5.22 385.88±10.13 1.03±5.46 2.6789±7.16 

Final BW, kg TRYP81 0.15‡ 577.50±4.90 589.03±5.14 589.90±9.36 6.20±5.03 5.3289±6.37 

Pancreas weight, g TRYP81 0.31 465.84±17.31 487.50±18.81 515.81±34.01 24.98±16.97 -3.3193±20.83 

Pancreatic protein, mg/g TRYP81 0.28 156.22± 7.28 167.00±7.50 166.25±11.56 5.019±5.62 5.7617±7.21 

Pancreatic trypsin, unit/g pancreas TRYP81 0.018* 4.2534±0.27 5.4739±0.26 5.7543±0.62 1.50± 0.73* 0.47± 0.45 

Pancreatic α- amylase, unit/g pancreas TRYP81 0.44 313.03±15.51 336.97±16.30 343.05± 30.30 15.01±16.43 8.9301±20.79 

        
End Corn Silage BW, kg TRYP83 0.63 384.52±4.31 387.84±6.04 

   
Final BW, kg TRYP83 0.45 581.44±4.13 586.00±5.50 

   
Pancreas weight, g TRYP83 0.21‡ 485.57±16.77 460.35±19.29 

   
Pancreatic protein, mg/g TRYP83 0.63 159.51±6.54 162.68±7.62 

   
Pancreatic trypsin, unit/g pancreas TRYP83 0.50 1.5049 ±0.06 1.4421±0.079 

   
Pancreatic α- amylase, unit/g pancreas TRYP83 0.46 318.70±12.20 332.44±16.55 

   
1 P-value for the overall genotype effect 

2 Additive effect is estimated as the difference between the 2 homozygous means divided by 2 

3 Dominance effect is estimated as the non-additive genetic effects or the deviation of the heterozygote from the mean of the 2 homozygotes 
* P-value ≤ 0.05 is significance 
‡ 0.05 < P-value < 0.25 is tendency. 
‡‡ unit is 1 μ mole product produced per min by g pancreas 



135 

 

Table 5.8. Allele substitution effect of single nucleotide polymorphisms in cationic 

pancreatic anionic trypsinogen (TRYP8) gene with steers’ growth and 

digestive function 

Trait
‡‡

 SNP name MA1 P-value Estimate ±SE 

End Corn Silage BW, kg TRYP81 A 0.6716 2.0320±4.77 

Final BW, kg TRYP81 A 0.0807‡ 8.0065±4.51 

Pancreas weight, g TRYP81 A 0.1309‡ 23.6708±15.46 

Pancreatic protein, mg/g TRYP81 A 0.1641‡ 7.0412± 5.00 

Pancreatic trypsin, unit/g pancreas TRYP81 A 0.0079** 0.9075±0.33** 

Pancreatic α- amylase, unit/g pancreas TRYP81 A 0.2259‡ 18.0502±14.76 

  
 

  
End Corn Silage BW, kg TRYP83 T 0.63 3.3209±6.86 

Final BW, kg TRYP83 T 0.4497 4.5577±5.99 

Pancreas weight, g TRYP83 T 0.2057‡ -25.2188±19.72 

Pancreatic protein, mg/g TRYP83 T 0.6245 3.1670±6.44 

Pancreatic trypsin, unit/g pancreas TRYP83 T 0.50 -0.06280±0.09 

Pancreatic α- amylase, unit/g pancreas TRYP83 T 0.4603 13.7347±18.49 

1 MA is the minor allele where allele substitution was estimated by regressing the phenotype on the number 

of copies of a minor allele (-1, 0, or 1). 
** P-value < 0.01 is highly significant 
* P-value ≤ 0.05 is significance 
‡ 0.05 < P-value < 0.25 is tendency. 
‡‡ unit is 1 μ mole product produced per min by g pancreas 
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CHAPTER 6 

FINE MAPPING QTL AND CANDIDATE GENE DISCOVERY FOR FEED 

EFFICIENCY AND PERFORMANCE IN CROSSBRED BEEF CATTLE.
1
 

6.1 Abstract 

Residual feed intake (RFI) remains the trait of choice for genetic improvement of 

feed efficiency. The advent of high density SNP chip, such as the Illumina Bovine SNP50 

array, facilitates Genome Wide Association Studies (GWAS) and fine-mapping the 

functional mutations causing phenotypic differences in feed efficiency. The objectives of 

this study were to: (1) identify the specific DNA differences that associated with the 

variation in RFI; (2) estimate the proportion of variation in RFI explained by the detected 

DNA differences; and (3) identify the gene or the flanking genes related to the detected 

DNA differences to understand the biological meaning associated with these differences. 

For this study, 589 crossbred animals were genotyped for 56,947 SNPs using the Illumina 

50K Bovine BeadChip, after which 1,897 RFI-significant SNPs from a single marker 

regression analysis were used. Genomic breeding values estimated from this SNP set 

using Bayes methods were highly correlated (0.96) to the breeding values estimated from 

a mixed animal model. The 10 most influential SNPs were located in chromosomes 16, 

17, 9, 11, 12, 20, 15, and 19. A number of 807 RFI-significant SNPs from BayesB 

analysis were mapped on the bovine genome to identify corresponding genes or flanking  

1
 Part of this chapter has been published elsewhere: 

Abo-Ismail, M.K.; E. J. Squires, K. C. Swanson, D. Lu, Z. Wang, J. Mah, G. Plastow, S. 

Moore and S. P. Miller, (2010). Fine mapping QTL and candidate genes discovery for 

residual feed intake on Chromosomes 5, 15, 16, and 19 in beef cattle. Proceedings of the 

9th World Congress on Genetics applied to Livestock Production. 
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genes. Two hundred and twenty had significant SNPs and 810 genes flanked significant 

SNPs. Results from the enrichment analysis for the identified genes (1,012) suggested 

110 biological processes are related to variation in RFI. Results showed that 239 genes 

were mapped to 141 biological pathways. The identified SNPs explained 89% of the 

additive genetic variance. The anticipated result is that animals can be genetically 

evaluated using DNA testing panels under development, leading to more accurate 

estimation of genetic merit. Results indicated that the genetic variance explained by SNPs 

that flanked genes is more than that explained by SNPs located within genes. Further 

research to identify the functional mutations is required for these candidate genes. 

Key words: Fine mapping, genes, Single nucleotide polymorphism, feed efficiency 

6.2. Introduction 

Feed costs are a major factor influencing the profitability of beef cattle 

production. Therefore, a small improvement in feed efficiency would have a significant 

effect on the profitability of beef production systems. This implies that a more efficient 

production system would contribute to satisfying consumers demand for high quality 

product with the best possible price. The major limitations to improving an important trait 

like feed efficiency are the expense and difficulty of recording feed intake. Measuring 

feed intake requires sophisticated automated feeding systems (Schwartzkopf-Genswein et 

al., 1999; Wang et al., 2006). The emergence of genomics approaches offers 

opportunities to genetically select for cattle that are more efficient, as once the 

relationships between genetic markers and measured feed efficiency are determined, this 

prediction can be applied to animals that are genotyped, but do not have measurements of 
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feed intake (Meuwissen et al., 2001). The advances in high-throughput genotyping and 

sequencing techniques resulted in high density SNP chips, such as the Illumina 

BovineSNP50 BeadChip (Matukumalli et al., 2009), predicting more accurately the 

genetic value of animals for traits such as feed efficiency which will benefit the most 

from such developments (Dekkers and Hospital, 2002). 

Results from GWAS have indicated that economic traits are affected by many 

genes, and that the majority of these effects are small (Hayes and Goddard 2010). Thus, 

to explain the genetic variation in traits such as feed efficiency, a large number of genetic 

markers is required to detect all the differences in the genome that are causing differences 

(Hayes and Goddard 2010). Several GWAS to detect quantitative trait loci (QTL) for 

feed efficiency have been conducted (Nkrumah et al., 2007a; Barendse et al., 2007; 

Sherman et al., 2008b; and Sherman et al., 2010; Snelling et al 2011). Through a process 

of discovering the genes that cause the differences in the trait and “fine-mapping” or 

locating the QTL that cause the difference in the trait, a targeted panel with the most 

informative SNP can be included to predict feed efficiency accurately and affordably for 

producers.  

This process involves combining the available biological information such as 

biological processes that are involved in feed efficiency and their pathways, and the 

molecular function of the identified candidate genes. Thus, information from the GWAS 

can be coupled with an understanding of the biological function underlying genes to 

further enhance the list of candidate genes for fine-mapping. Therefore, the objectives of 

this study were to (1) map QTL for RFI and performance traits; (2) estimate the 

proportion of variation in studied traits explained by the detected QTL; (3) identify the 
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candidate gene or the flanking genes to understand the biological meaning behind the 

detected QTL; and (4) validate the results in another population. 

6.3. Materials and Methods 

6.3.1 Animals and phenotypic data collection in the training data set 

Phenotypes were obtained from detailed studies of growth and feed intake during 

the post-weaning period on 589 heifers (20), steers (338), and bulls (231). Animals were 

crossbred, with average breed composition formed by Angus (39%), Charolais (11%), 

Piedmontese (9%), Simmental (25%), and Limousin (2%). Animals primarily originated 

from one of two University of Guelph herds (EBRC [262] and NLARS [191]), the 

Agriculture and Agri-Food Canada Kapuskasing Research Centre (KAP, 62) or were 

purchased from producers in Ontario, Canada (74). Calves were weaned at approximately 

200 days of age, and transported to the Elora Beef Cattle Research Centre for various 

post-weaning nutrition trials.  

Average daily gain (ADG) was calculated as a linear regression coefficient of the 

animal’s live weights (at least 3 weights) on the actual days of measurement using the 

nlme package from R software (Pinheiro et al., 2011). The metabolic midpoint BW was 

calculated as the midpoint body weight (kg) to the power 0.75. Average daily DMI was 

calculated for each animal as total dry matter intake (DMI) divided by the number of 

days in the test period. RFI was calculated from the difference between the average of the 

animal’s actual daily DMI and expected daily DMI (Arthur et al., 2001b). Expected DMI 

was determined through the regression coefficients estimated from the data through a 

multiple phenotypic regression model, as follows: 
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yij=  µ + β1(ADG) + β2(MMWT) + Sexi+ TTYj + eij                              (6.1) 

Where, yij is the total DMI for animal j during the feeding period, µ is the overall mean, 

β1 is the linear regression coefficient of the regression on average daily gain as 

determined through a linear regression of weights on days on trial as described above, β2 

is the linear regression coefficient of the regression on midpoint metabolic weight 

(MMWT), TTY is the effect of treatment × trial ×year (44 levels), and eij is the residual 

random effect associated with animal j and is the resulting RFI used in further analyses. 

6.3.2 Genotypic data 

Genotyping was performed at the Alberta Bovine Genomics Laboratory, 

University of Alberta. The genotypic data is as described by (Lu et al., 2010). Briefly, 

56,947 SNPs were genotyped. Quality control procedures removed SNPs with a minor 

allele frequency of less than 10% and SNPs that were not in Hardy-Weinberg, resulting 

in 34,976 SNPs across 29 Bos taurus autosomal chromosomes (BTAs). In this study, the 

statistical analyses were performed on 1,897 significant SNPs (P<0.05) from a previous 

GWAS using single marker regression on 34,976 SNPs (results not published). The 

single locus regression model is the allele substitution effect model described in chapter 

3.  Also, the statistical analyses were performed on the 34,976 SNPs used in the GWAS 

across 29 chromosomes using Ridge regression (R-BLUP) for comparison.  

6.3.3. Association analysis 

R-BLUP approach (Ridge regression). Phenotypes of RFI were adjusted for 

fixed effects, trial treatment-year (44 levels), herd year (25 levels), sex, heterozygosity, 

age at end of test and proportion of SM CH LM PI and GV breeds, using ASReml 
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(Gilmour et al., 2009). This model was modified to take into account the animal’s effect 

for estimating breeding values (EBVs) and the total genetic variance. The R-BLUP (Xu, 

2003) method was used to estimate simultaneously the SNP effects of 1,879 SNPs across 

29 BTAs, assuming that all SNPs have the same variance. R-BLUP was also used to 

estimate simultaneously the SNP effects of 34,976 SNPs across 29 BTAs for comparison. 

R-BLUP is implemented in gebv software package (Sargolzaei et al., 2010). In this 

method, the SNP effect, regression coefficients, were estimated using the following 

mixed model: 
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Where X is the genotypic coefficient matrix of k×m (k is the number of 

observations and m is the number of SNPs), R is the diagonal matrix with elements R


u = 

(1/Reliability) -1 where the reliability is assumed to be 1, I is the identity matrix, y is the 

adjusted phenotypes for stated fixed effects in ASReml.  The GEBVs from R-BLUP were 

estimated as X


u . 

Bayes analysis. Missing genotypes were inferred using fastPHASE (Scheet and 

Stephens, 2006), then BayesCπ was used to calculate π, which is the proportion of SNPs 

having no effect on the phenotype. To run BayesCπ, the prior value of π was assumed to 

be 0.5. The mean of the heterozygote frequency of 1,879 SNPs was 0.2349. 

BayesB was then used to run the analysis again with the same set of SNPs (1,879) 

and the estimated π to estimate SNP effects, the SNP effect variance, and the error 

variance. A SNP was declared to be significant based on Posterior Probability of 
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Association (PPA), as follows (PPA/(1-π) > 1) (Thomas et al., 2010). BayesCπ and 

BayesB algorithms were implemented in R scripts as fully described by Fernando et al. 

(2009) and GenSel software (Fernando and Garrick, 2009). The proportion of phenotypic 

variance explained by SNPs was estimated using two methods. First, the function of σ
2
g= 

2pqα
2
 (Falconer and Mackay 1996) was used to estimate the additive genetic variance 

explained by each locus where α is the allele substitution effect estimated by BayesB. 

Then, additive genetic variances explained by 1,879 SNPs were summed up to calculate 

the total additive genetic variance. The proportion of phenotypic variance explained by a 

set of SNPs (h
2
) was estimated as the additive genetic variance explained by this set 

divided by the phenotypic variance (the total additive genetic variance plus the error 

variance estimated by BayesB). The second method was BayesB as posterior genetic 

variance divided by phenotypic variance (posterior residual plus posterior genetic 

variance). 

6.3.4. Enrichment analysis 

The significant SNPs (807 out of 1,879) from BayesB were mapped to the bovine 

genome to characterize the gene or nearest gene. Briefly, the sequence of each SNP was 

“BLASTED” using the Basal Local Alignment Search Tool (BLAST), Build Btau_4.0, 

against cow sequence (Zhang et al., 2000), the genome (for reference only) database and 

the megaBLAST (to compare highly related nucleotide sequences) program. Then, the 

identified gene or nearest gene were submitted to DAVID 6.7 Beta software (Huang et 

al., 2009) for functional analysis. Only 30% of the gene list was annotated, therefore 

Homo sapiens orthologs were used to obtain about 100% annotation. In DAVID, the 

Protein ANalysis THrough Evolutionary Relationships (PANTHER) Classification 
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System was used to classify genes by function using published scientific experimental 

evidence and evolutionary relationships to predict gene function. In addition, the 

identified list of bovine genes was also mapped to biological pathways using web-based 

software in the Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa et al., 

2010).  

6.3.5 Validation study 

Animals and phenotypic data collection in the validation data set 

The association analysis was carried out on another population of 664 crossbred 

beef cattle born between 2006 and 2009; heifers (39), steers (360), and bulls (265) 

obtained from detailed studies of growth and feed intake during the post-weaning period. 

The breed composition formed by Angus (46.7%), Simmental (20%), Piedmontese (4%), 

Charolais (2%), and Limousin (1.4%). Animals were primarily originated from one of 

two University of Guelph herds (EBRC [149] or NLARS [224]) and KAP (213) or were 

purchased from producers in Ontario, Canada (78). Calves were raised under the same 

management conditions stated previously. Phenotypic records were measured using the 

approach mentioned previously.  

Genotypic data 

Tissue or blood samples were prepared and sent to Guelph Molecular Supercentre 

Laboratory Services, University of Guelph, for genomic DNA extraction based on 

laboratory procedures. Then, prepared DNA samples were sent to GeneSeek, Inc. for 

genotyping using the Bovine SNP50 BeadChip (54,609 SNP). In total, 1,280 animals 

were genotyped. The set of 1,879 SNPs used in the training population were selected 
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from the SNP50 BeadChip for validation, but only 1,815 SNPs were successfully 

genotyped and used for validation. In addition, only 778 out of 807 significant SNPs for 

RFI identified in the training dataset were successfully genotyped for validation. 

Association analysis 

Single locus regression model (SLRM). Using GenABEL package (Aulchenko et 

al., 2007) in R software, genotypic data were coded as 0, 1, 2 corresponding to the 

number of minor alleles. In this model, phenotypes were regressed on number of copies 

of a minor allele (0, 1, or 2) for estimating the allele substitution effect using ASReml 3 

software (Gilmour et al., 2009). A univariate animal model was fit as follows: 

Yijkl = µ + Sexi+ HYj + TTYk + β1SNP + β2 AET + β3 AN + β4 CH + β5 LM + β6  

                      SM + β7 PI+ β8 GV+ β9HET + al + eijkl                                            (6.3) 

in which Yijklm is the trait measured in the l
th

 animal of the i
th

 sex, the j
th

 herd-year of birth 

and the k
th

 treatment trial-year group; µ is the overall mean for the trait; Sexk is the fixed 

effect of the i
th

 sex of l
th

 animal; HYj is the fixed effect of the j
th

 (13 level) herd-year of 

birth; TTYk is the fixed effect of the k
th

 (35 level) treatment trial-year group; β1 is the 

regression coefficient of the linear regression on the number of copies of a minor allele; 

β2 is the regression coefficient of the linear regression on age at the end of the test period 

(AET) of the l
th

 animal; β3 to β7 are the regression coefficients of the linear regressions on 

the proportion of AN, CH, LM, SM, PI and GV breeds in the l
th

 animal; β9 is the 

regression coefficient of the linear regression on the percentage of heterozygosity of l
th 

animal; al is the random additive genetic (polygenic) effect of the l
th

 animal, and eijklm is 

the residual random effect associated with the l
th

 animal. Assumptions for this model are; 
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al: a ~ N (0, A σ
2
a) where A is the relationship matrix and σ

2
a is the additive genetic 

variance; and eijkl : e ~ (0, I σ
2
e) where I is the identity matrix and σ

2
e is the error 

variance. The expectations are E(al) = 0; and E(eijkl) = 0; and the variances are  Var(al) = 

σ
2
a; and Var(eijkl) = σ

2
e. Aσ

2
a is the covariance matrix of the vector of animal additive 

genetic effects and the relationship matrix (A) is assumed to be complete back to the base 

population. The TTY level that had fewer than five animals was excluded from the 

analysis. Phenotypes not within the mean ± 3 standard deviation of traits were excluded 

from the analysis.  

The previously stated model was fit without the SNP effect using ASReml to 

estimate EBVs, total genetic variance, error variance, and the heritability estimates for 

feed efficiency and performance traits.   

Bayes analysis. Missing genotypes were inferred using fastPHASE. Phenotypes 

of RFI were adjusted for the fixed effects stated in SLRM using ASReml, then BayesCπ 

was used to calculate π. To run BayesCπ, the start value of π was assumed to be 0.5 and 

the mean of the heterozygote frequency of 1,815 SNPs was 0.39592. Then, BayesB was 

used to run the analysis again with the same set of SNPs (1,815) and the estimated π. 

SNP effects and the SNP effect variance were estimated after 41,000 iterations, including 

1,000 burn-in cycles. The proportion of additive genetic variance explained by the set of 

SNPs (1815) was estimated by BayesB as posterior genetic variance divided by 

phenotypic variance (posterior residual + posterior genetic variance).  

Genomic predictions 

The GEBVs for RFI for the validation population based on the 778-SNP set were 

estimated using the SNPs solutions obtained from BayesB in the training dataset. The 
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correlation between EBVs using ASReml in the validation dataset and GEBVs estimated 

from the 778-SNP set was estimated to evaluate their predictive ability.  

6.4. Results  

The descriptive statistics of the traits in the training study are shown in Table 6.1. 

The association analysis using BayesB used 1,879 SNPs across 29 chromosomes of the 

bovine genome (Figure 6.1) with an average of 65 SNPs per chromosome and an average 

distance between SNP pairs of 1.227 cM,. The estimated heritability for RFI from the 

animal model using ASReml was 0.426. The estimated probability that a marker has zero 

effect using BayesBπ was 16.54%. Using this π prior in BayesB algorithm implemented 

in GenSel produced, genomic breeding values were highly correlated to the EBVs from 

the animal model (0.95) and to the adjusted phenotypes (0.99), indicating that the set of 

SNPs (1,879) from WGS described most of the additive genetic effect in the training 

dataset. The correlation between EBVs from the animal model and GEBVs from R-

BLUP was 0.793. The correlation between GEBVs from R-BLUP and GEBVs from 

BayesB was 0.83.   

The correlation between the estimated SNP effect using R-BLUP and BayesB was 

0.702. The SNPs’ effects from the R-BLUP analysis on 1,879 SNPs were sorted and the 

highest 403 and lowest 404 SNP-effects estimates were compared with the significant 

807 SNPs from BayesB. Results indicated that 452 SNPs were also significant SNPs 

from BayesB. Also, 89 SNPs were found to be within the top 100 significant SNPs from 

the Bayes analysis. Results from R-BLUP on 34,976 SNPs and from selecting the high 
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and low SNP effects estimates (807 SNPs), found that 295 SNPs were matched with the 

significant SNPs resulting from BayesB analyses. 

BayesB analyses in the training dataset identified 807 SNPs in significant 

association with RFI, Figure 6.2. The top 10 significant SNPs were located in 

chromosomes 16, 17, 9, 11, 12, 20, 15, and 19. Chromosomes 7, 9, 10, 11, 12, 14, 20, 27, 

28 and 29 have no SNPs from the top 100 significant SNPs. The SNPs located within 

genes from the top 100 significant SNPs are given in Table 6.2. The 807 significant SNPs 

from BayesB were mapped to the bovine genome. Of these, 222 genes contained 243 

SNPs, and 810 genes flanked 537 significant SNPs, with 20 genes in common (Table 

6.3). Thus, the total number of genes potentially associated with variation in RFI is 1,012 

genes which were used in the functional analysis using DAVID and KEGG (Figure 6.3).   

Results from functional analysis using DAVID indicated that 801 out of identified 

genes (1012) were mapped to biological processes. The results suggested 110 biological 

processes related to variation in RFI. The biological process that has more than 40 genes 

is illustrated in Figure 6.4; the one that has 40 genes or less is listed in Table 6.4. Results 

indicated that the majority of the mapped genes were in mRNA transcription regulation 

(358 genes), mRNA splicing (219 genes), signal transduction (183 genes), and 

proteolysis (182 genes). 

Results from functional analysis using the KEGG pathway search tool on the 

identified genes (1,012) mapped 239 (24%) genes to 141 pathways. The pathways that 

have more than six genes are illustrated in Figure 6.4 whereas the pathways that have five 

genes or less are listed in Table 6.5. The results indicated that metabolic pathways 

contained the highest number of genes (41), see Figure 6.5. Citrate cycle (TCA cycle), 
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fatty acid biosynthesis, steroid hormone biosynthesis, caffeine metabolism, pyrimidine 

metabolism, valine, leucine and isoleucine degradation and biosynthesis, arginine and 

proline metabolism, tyrosine metabolism, other glycan degradation, starch and sucrose 

metabolism, amino sugar and nucleotide sugar metabolism and glycosaminoglycan 

degradation pathways were found to be associated with RFI genetic variations (Table 

6.5).  

Using the function of σ
2
g= 2pqα

2
, the identified SNPs (807) explained 89% of the 

additive genetic variance (Table 6.3). The additive genetic variance explained by 

identified SNPs within genes represented a genomic heritability estimate of 0.10 

explaining 27.88% of the total additive genetic variance as estimated from the 1,879 

SNPs using BayesB. Results in Table 6.3 show that the additive genetic variance 

explained by identified SNPs flanking genes represented a genomic heritability estimate 

of 0.20, explaining 57.82% of the total additive genetic variance. Two hundred forty four 

SNPs mapped in candidate genes involved in pathways represented a genomic heritability 

estimate of 0.1069, explained 29.62% of the total additive genetic variance. 

The total genetic variance explained by 1,879 SNPs was also estimated by 

BayesB implemented in GenSel. The estimated posterior mean of residual variance was 

0.07, whereas the estimated posterior mean of genetic variance and the estimated total 

variance were 0.135 and 0.205, respectively. Thus, the proportion of the phenotypic 

variance explained by the 1,879 SNP was 66%. 

Validation study 

The descriptive statistics and heritability estimates of DMI, ADG, MMWT, RFI, 

and feed conversion ratio (FCR) in the validation dataset are presented in Table 6.6. The 
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estimated heritability for DMI, ADG, MMWT, RFI, and FCR were 0.47, 0.39, 0.58, 0.25, 

and 0.23. 

The results from validating 815 SNP using SLRM indicated that 18 SNPs were 

significantly affecting feed efficiency and performance traits at a 20% false discovery 

rate (FDR) (Table 6.7). One SNP (21: 29076315bp) was strongly associated with RFI and 

FCR, whereas another SNP (6: 8235477bp) was strongly associated with ADG and FCR. 

Two SNPs were strongly associated with ADG, whereas 3, 7, 1 and 5 SNP were strongly 

associated with DMI, FCR, and RFI, respectively (Table 6.7).  

In addition, the results of validating 1,815 SNPs using SLRM indicated that 114 

SNPs were significantly (P<0.05) associated with RFI where 3 SNP were significant and 

2 were suggestive at the chromosome wise FDR. Forty-eight of these SNPs were 

previously identified as significant for RFI by BayesB in the training dataset (Table 6.8).  

The estimated values of π using BayesCπ on 778 and 1,815 SNPs in the validation 

population were 89% and 93.4%. Using these values in the BayesB algorithm 

implemented in GenSel on the two sets of SNPs, SNP effects were estimated and used to 

predict the GEBVs using the adjusted phenotypes of animals in the validation population. 

The correlations between the GEBVs and EBVs from the animal model were 0.72 and 

0.83 for 778 and 1,815 SNPs, respectively. In addition, the correlations between the 

GEBVs and the adjusted phenotypes were 0.653 and 0.765 for 778 and 1,815 SNPs, 

respectively.  

Regarding the proportion of phenotypic variance explained by 778 SNPs in the 

validation population, the estimated posterior mean of residual and the posterior mean of 

genetic variance were 0.88 and 0.123, respectively. Thus, the proportion of phenotypic 
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variance explained by the 778 SNPs was 12.24%. Using the 1,815 SNPs, the estimated 

posterior mean of residual variance and the posterior mean of genetic variance were 

0.827 and 0.232, respectively, indicating that the proportion of phenotypic variance 

explained by the 1,815 SNPs was 21.9%. 

The predictability of the identified 778 SNPs using SNP-effects estimates 

obtained from the training population was tested. The correlation between estimated 

breeding values for RFI using ASReml in the validation dataset and genomic breeding 

values estimated from 778 SNPs was 0.073. 

6.5. Discussion 

A crossbred population was used as a training dataset to estimate SNP effects. It 

has been reported that crossbred animals can be successfully used as a training population 

for all breeds involved in the crossbred composite line without affecting the accuracy of 

prediction (Hayes et al., 2009; Toosi et al., 2010), but large numbers of animals in the 

training dataset are required (Goddard et al., 2010; Mujibi et al., 2011). Three reasons 

exist for using a crossbred population to build prediction in the current study: first, the 

phenotypes recorded are mostly on crossbred animals in the available population; second, 

the application of genomic testing in beef cattle at the commercial level is on crossbred or 

composite populations; third, the DNA testing panel built based on purebred cattle has 

low accuracy when used on crossbred cattle, but the accuracy in the opposite direction is 

not substantially affected (Toosi et al., 2010). In the current study, the population 

stratification effect on the estimation of SNP effects was avoided by adjusting the 

phenotypes for breed proportion.  
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The estimated heritability of RFI (h2 = 0.43) reported in the training population 

from a univariate animal model using ASReml is consistent with reported estimates by 

Arthur et al. (2001b) (h2 =0.43), Schenkel et al. (2004) (h2 = 0.39), and Crowley et al. 

(2010) (h2 = 0.45). Nonetheless, the heritability estimate of RFI (h
2
 = 0.25) in the 

validation study was lower than that estimated on the training population. The estimate of 

RFI h
2
 in the validation population is in agreement with the range documented by Archer 

et al., 1999 (h2= 0.31), and Herd and Bishop (2000) (h2= 0.16).  

In the current training dataset, SNP effects were simultaneously estimated using 

BayesB and R-BLUP. These estimates were then used to predict GEBVs in the training 

and validation population. Fitting all the SNPs simultaneously in the same model is 

reported to avoid bias in estimating effects due to multiple hypothesis testing (Meuwissen 

et al., 2001). In the training dataset, BayesB analyses identified 807 SNPs in significant 

association with RFI. The identified 807 SNPs represent 43% of the total SNPs used in 

the analysis. This proportion is in agreement with the concept that the number of 

significant SNPs is overestimated by a factor of two using the least square method 

(Beavis 1998). The training data using BayesB proposed a large number of genes (1,012) 

that contribute to the genetic variation in RFI. As in this study, results from different 

studies indicated that RFI is a complex trait affected by many QTL (Nkrumah et al., 

2007; Barendse et al., 2007a; Sherman et al., 2008b; and Sherman et al., 2010). Bayesian 

approaches have been suggested for fine-mapping QTL in multi-breed cattle, as they are 

highly accurate compared with other methods, such as G-BLUP, in evaluating some traits 

(Hayes et al., 2009). This is because, in BayesB, the prior assumption for the distribution 

of SNPs effects is that many SNP effects are close to zero, and there are a small number 
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of SNPs with moderate-to-large effects (Meuwissen et al., 2001). Accordingly, BayesB 

makes better use of the Linkage Disequilibrium (LD) between genetic markers and QTL 

than do the G-BLUP or least-Squares methods (Habier et al., 2010). Subsequently, the 

accuracy of the GEBV is higher when using BayesB (Hayes and Goddard 2010).   

In the training dataset, chromosome 16 had the most significant SNP (16: 

35848283) which is located within similar to ATP-binding cassette, sub-family A, 

member 12 gene. This SNP is located near the reported QTL (ID: 4371) for RFI at 40.4 

cM by Sherman et al., 2009. Also, in the current study on chromosome 17, SNP (17: 

54171145) was associated with RFI and located near a reported QTL (ID: 5291) for RFI 

by Sherman et al. (2009) and is located within gene similar to a coiled-coil domain 

containing 60. Nkrumah et al. (2007) and Sherman 2009 reported many QTL associated 

with RFI that are near the identified significant SNPs in the current study. Several genes 

provided strong evidence of association with RFI, providing a different set of panels for 

further investigation. 

In the current study, of the 807 significant SNPs identified, 243 significant SNPs 

were found in 222 genes. In addition, 537 of the significant SNPs flanked 810 genes. The 

number of genes found in the current study is relatively small compared to the number of 

the genes across the bovine genome (at least 22,000 protein-coding genes) (Bovine 

Genome Sequencing and Analysis Consortium 2009). However, a large number of 

markers, such as the high density 50K or even the 770K chip (HD chip), is required to 

accurately detect these QTL and to explain all the genetic variations in such traits. The 

majority of HD SNP chip has no effect (are neutral) on the trait variations and only a 

small proportion of this large number controls the trait (Hayes and Goddard 2010). It is 
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possible to discover the functional mutation located in coding or regulatory regions when 

using an HD chip. The discovery process relies on LD between alleles of SNPs on HD 

chips and the causative mutations or quantitative trait nucleotide (QTN). In addition, 

knowledge of candidate genes, including these flanked genes can greatly reduce the 

search area required to identify the causal mutations for inclusion in commercial panels 

for further testing. 

Biological processes linked with mapped genes (801 out of 1,012 genes) allow the 

biological background of the identified genes and results from association analyses to be 

combined to understand genetic architecture of feed efficiency. The biological processes 

reported in the current study corroborate the proposed major biological processes 

contributing to the variation in RFI reported by Richardson and Herd (2004). In the 

current study, biological process such as proteolysis, protein metabolism and 

modification, protein phosphorylation and glycosylation, and protein biosynthesis were 

found to be associated with RFI, corroborating the results reported by Richardson and 

Herd (2004) who reported that protein turnover, tissue metabolism and stress contribute 

to approximately 37% of the variation in RFI. Protein turnover accounted for 42% of 

total gastrointestinal tract (GIT) energy use in ruminants (Baldwin and Sainz, 1995). 

Moreover, protein synthesis accounted for 23% of total energy use in the whole body in 

ruminants (Caton et al., 2000). Therefore, these results further confirm the importance of 

protein turnover related biological processes in the genetic control of RFI variation. 

Results indicated that ion transport represents 12.55% of the identified candidate 

genes associated with RFI. These results correspond with McBride and Kelly’s (1990b) 
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results, in which they reported that 62-92% of liver and GIT tissue energy use (oxygen 

consumption) can be attributed to ion—mainly Na+, K+ ATPase—transport. 

The results obtained from the training data through functional analysis indicated 

that biological processes such as cholesterol, lipid, fatty acid, steroid, carbohydrate, 

amino acids, purine and polysaccharide metabolism were also related to the genetic 

variation in feed efficiency. Herd et al., (2004b) reported a significant association of such 

metabolic processes with RFI, indicating that any biological process that influences the 

variation in body or gain composition will be associated with feed efficiency. In efficient 

pigs (low RFI), genes involved in lipid and fatty-acid metabolism were down-regulated in 

adipose tissue (Lkhagvadorj et al., 2009). This change in expression might be due to 

functional mutations within these genes. The down-regulation of lipid metabolism genes 

might explain the reported decrease in back fat in efficient cattle (Arthure et al., 2001; 

Basarab et al., 2003; Nkrumah et al. 2006; Kelly et al., 2011). 

Based on results obtained from the training data, genomic heritability using 

GenSel on 1,879 studied SNPs is 0.66. In addition, the identified SNPs (807) explained 

89% of the additive genetic variance with a proposed genomic heritability of 0.32. These 

variances explained by the identified SNP were overestimated as they were selected 

based on the absolute probability values from WGAS. Nonetheless, in the validation 

population, the genomic heritability obtained from 778 and 1,815 SNP sets was 0.12 and 

0.22, respectively. In addition, the correlation between EBV and GEBV using the 807 

and 778 SNPs in the training and validation datasets respectively decreased from 0.99 in 

the training data to 0.72 in the validation using the SNP effects estimated for each 

dataset. When estimating the SNP effects from the training dataset and then predicting 
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GEBV in the validation dataset, the correlation between EBV and GEBV was 0.073. The 

reduction in genomic heritability and accuracy in the validation dataset might be due to: 

first, the change in allele frequency of the SNPs in the validation population. The 

evidence is the change in the heterozygote frequency of the 1,879 SNPs used in the training 

set (0.2349) and the heterozygote frequency for 1,815 SNPs used in the validation data set 

(0.39592). The second reason is the decay of LD or the change in its phase between the 

SNP and the real QTN. Results in the training set indicated that the genetic variance in 

SNPs flanking genes is more than that explained by SNPs located within genes, which 

could relate to a potential change in phase. This indicates that the Bovine SNP50 array is 

a powerful tool, as the identified set of SNPs explains most of the variation in RFI, and 

the correlation between the EBV and GEBV was high in the training study. Results from 

different studies on the 50K panel showed the same trend of accuracy and proportion of 

variances with the top significant identified SNPs (Mujibi et al., 2011; Snelling et al., 

2011). Using different sets of highly significant SNPs obtained by WGAS, there were 

low correlations between the GEBV and the phenotype in the validation dataset ranged 

from 0.007 to 0.414 (Mujibi et al., 2011), which might reflect the relationship between 

the animals in the training and validation datasets (Habier et al., 2007). More phenotypic 

data needs to be collected and more collaboration worldwide must take place to improve 

the low accuracy obtained (Miller, 2010; MacNeil et al, 2010; Snelling et al., 2011). 

Increasing the density of SNPs in the identified regions is required to increase the 

accuracy by detecting the causal or SNP in complete LD with the QTN. Furthermore, the 

statistical results from the association analysis might be supported by the biological and 

molecular function of the identified SNP (Wang et al., 2007; O’Dushlaine et al., 2009).  
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Understanding of the genetic architecture of feed efficiency will deepen 

dramatically in cases where the identified flanking genes can be investigated more 

thoroughly. Moving from the 50K SNP panel to an 800K panel (BovineHD©, High 

Density Bovine BeadChip), or adding more SNPs in the identified regions will provide 

even more accurate GEBV. With the whole genome-sequencing data becoming more 

common as next-generation sequencing technologies continue to develop (Rolf et al. 

2010) it is foreseeable that the use of sequence data in genetic evaluation will be the next 

frontier. 

6.6. Conclusion 

In conclusion, 807 SNPs significantly associated with RFI are located in or close 

to genes, and are involved in known metabolic processes and other biological functions. 

These genes carry biological meaning and contribute to the genetic variation in RFI. 

Further research is required to investigate these potential candidate genes. The 

predictability of the identified SNP from 50K SNP chip is low (i.e. estimated SNP effects 

from 50k panel do not transfer well across populations). This means the identified SNP 

were not in high linkage disequilibrium with the causal mutations. Therefore, fine-

mapping these regions for these flanking genes could enable to identify SNP useful SNP 

for genetic selection for RFI. 
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Table 6.1. Descriptive statistics in feedlot beef cattle for feed efficiency in the training 

dataset  

Trait Min Max Mean SD 

DMI, kg d-1 5.920 14.834 9.931 1.561 

ADG, kg d-1 0.661 3.295 1.824 0.359 

MMWT, kg-75 68.32 156.47 104.48 14.56 

RFI, kg d-1 -3.438 3.868 -0.096 0.871 

FCR, kg feed kg-1 gain 2.630 12.915 5.621 1.338 

DMI is daily dry matter intake 

ADG is average daily gain 

MMWT is midpoint metabolic weight 

 RFI is residual feed intake 

 FCR is feed conversion ratio 
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Table 6.2. Location and effect of SNPs located within genes for the top 100 significant 

SNPs based on posterior probability of association for residual feed intake 

(RFI) in the training dataset and their relative location to a nearest reported 

QTL for RFI and dry matter intake (DMI) in the Animal Quantitative Trait 

Locus (QTL) database. 

BTA 
SNP 

BPPos 
MAF Estimate 

PPA/ 

(1-π) 
Gene BankID 

QTLRFI QTLDMI 

1 2033848 0.18 0.0191 1.078 535482 5.8#  

1 93282709 0.22 0.0187 1.067 100139843  89.4 

1 134898711 0.31 0.0159 1.067 512805   

2 108567772 0.25 -0.0147 1.059 519222 90.2! 127.5 

3 11086204 0.43 0.0198 1.090 539686 7.4# 10.9 

5 91627311 0.42 0.0217 1.068 537804 123.2! 76.5 

6 25835925 0.17 -0.0289 1.086 503621   

6 25856121 0.20 -0.0229 1.075 503621   

6 106624476 0.21 -0.0204 1.086 522574 101# 93.9 

8 98346122 0.10 -0.0176 1.064 781555 78.4!  

13 58151275 0.46 -0.0158 1.074 617469 66.7#  

15 36198436 0.39 0.0203 1.100 519803  35.5 

15 66638381 0.38 -0.0233 1.091 514579   

16 35848283 0.20 0.0731 1.166 523479 40.4! 42.4 

16 60070864 0.38 -0.0224 1.088 521326   

17 42264355 0.19 -0.0504 1.148 538310   

17 54171145 0.29 0.0186 1.086 614062 53.9#  

19 5192954 0.46 -0.0256 1.112 538147   

19 34420867 0.33 0.0185 1.081 526652 34.6!  

19 49345756 0.42 0.0291 1.125 617397 41.5#  

19 51346200 0.42 -0.0162 1.071 507056   

19 63407392 0.37 0.0278 1.114 539501 64.4!  

21 60900392 0.42 0.0200 1.105 530121  53.5 

22 49023881 0.17 -0.0350 1.117 526884   

23 26579179 0.44 0.0158 1.075 540205   

24 28545991 0.39 0.0220 1.090 525909   

25 41085956 0.33 0.0197 1.081 516333   

26 417030422 0.27 -0.0210 1.085 617982 31.5  

QTLRFI, QTLDMI are the closet QTL positions (cM) to the SNP as reported in the Animal Quantitative Trait 

Locus (QTL) database (AnimalQTLdb) for residual feed intake (RFI) and dry matter intake (DMI). 
1 SNP located at 1 bp at 3' side of the identified gene. 
2 SNP located at 185 bp at 3' side of the identified gene. 

π is the proportion of SNPs (16.54%) that have no effect on RFI. 
# QTL reported by Sherman et al., 2009. QTL reported by Nkrumah et al., 2007. 
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Table 6.3. The number of SNPs, corresponding number of genes, and the proportion of 

phenotypic variance explained by a set of item SNPs (h
2
) and the proportion 

of additive genetic variance explained by identified SNPs (h
2
Q) for residual 

feed intake (RFI) in the training dataset. 

SNP set 
No. 

SNPs 
No. genes h2 h2Q 

All SNPs 1879 - 0.36 1.0 

     

All significant SNPs 807 1012 0.3211 0.8900 

     

SNPs within genes 243 222 0.1006 0.2788 

     

SNPs flanking genes 537 810 0.2086 0.5782 

     

SNPs are not within or flanking genes 27 -- 0.0119 0.0330 

     

SNPs are common in within or flanking genes 27 20 0.0102 0.0284 

     

Genes in pathways 244 239 0.1069 0.2962 

     

Genes not in pathways  536 773 0.2023 0.5608 

     

SNPs common in BayesB, R-BLUP on 50K and R-

BLUP on 1,879 SNPs 
294 -- 0.1670 0.4627 
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Table 6.4. Biological process associated with identified candidate genes (40 genes or less) 

and related to genetic variations in residual feed intake (RFI) 
Biological process name %  No. 

genes 

Biological process name %  No. 

genes 

Cell proliferation and differentiation 4.97 40 Glycolysis 1.99 16 

Gametogenesis 4.84 39 Protein targeting and 

localization 

1.99 16 

Mitosis 4.84 39 Metabolism of cyclic 

nucleotides 

1.99 16 

Intracellular signalling cascade 4.84 39 Stress response 1.86 15 

Fatty-acid metabolism 4.72 38 Pyrimidine metabolism 1.86 15 

General vesicle transport 4.60 37 Mitochondrial transport 1.86 15 

Chromatin packaging and 

remodelling 

4.47 36 Glycogen metabolism 1.86 15 

Cholesterol metabolism 4.35 35 Amino acid metabolism 1.74 14 

Lipid, fatty-acid and steroid 

metabolism 

4.10 33 Meiosis 1.74 14 

Ligand-mediated signalling 3.98 32 mRNA transcription elongation 1.74 14 

Skeletal development 3.85 31 Protein acetylation 1.74 14 

Other intracellular signalling cascade 3.73 30 Exocytosis 1.74 14 

Other carbon metabolism 3.60 29 Nuclear transport 1.74 14 

Carbohydrate metabolism 3.48 28 Porphyrin metabolism 1.61 13 

Calcium mediated signalling 3.35 27 Endocytosis 1.61 13 

Purine metabolism 3.35 27 Oncogenesis 1.61 13 

Cell motility 3.35 27 Cell cycle 1.49 12 

Receptor protein tyrosine kinase 

signalling pathway 

3.23 26 Protein disulfide-isomerase 

reaction 

1.37 11 

Cell adhesion 3.23 26 Cell cycle control 1.37 11 

General mRNA transcription 

activities 

3.23 26 Extracellular matrix protein-

mediated signalling 

1.24 10 

Oogenesis 3.11 25 Protein methylation 1.24 10 

Muscle development 3.11 25 Other polysaccharide 

metabolism 

1.24 10 

Protein targeting 2.98 24 Constitutive exocytosis 1.12 9 

Amino acid biosynthesis 2.98 24 Extracellular transport and 

import 

1.12 9 

Ectoderm development 2.86 23 Induction of apoptosis 1.12 9 

Cytokine- and chemokine-mediated 

signalling pathway 

2.86 23 Tricarboxylic acid pathway 1.12 9 

Protein folding 2.86 23 Blood circulation and gas 

exchange 

1.12 9 

% is the proportion of genes from the total number of mapped genes (801 genes) 
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Table 6.4. (Contd) 

Biological process name % 
No. 

genes 
Biological process name % 

No. 

genes 

Anion transport 2.73 22 
Regulation of nucleoside, 

nucleotide metabolism 
0.99 8 

Steroid metabolism 2.61 21 Nitrogen metabolism 0.99 8 

mRNA transcription initiation 2.48 20 Coenzyme metabolism 0.99 8 

Sensory perception 2.48 20 Acyl-CoA metabolism 0.99 8 

Other carbohydrate metabolism 2.36 19 Protein-lipid modification 0.99 8 

Synaptic transmission 2.36 19 
Coenzyme and prosthetic group 

metabolism 
0.99 8 

Sulfur metabolism 2.36 19 Hematopoiesis 0.87 7 

Cytokinesis 2.36 19 Fatty-acid biosynthesis 0.87 7 

Neuronal activities 2.24 18 
Antioxidation and free radical 

removal 
0.87 7 

tRNA metabolism 2.11 17 Gluconeogenesis 0.75 6 

Amino acid activation 2.11 17 Vitamin biosynthesis 0.75 6 

Amino acid catabolism 1.99 16    

% is the proportion of genes from the total number of mapped genes (801 genes) 
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Table 6.5. Biological pathways having five or fewer genes associated with RFI. 

Pathway 

No. 

Genes Pathway 

No. 

Genes 

Oxidative phosphorylation   5 RNA degradation   2 

Chemokine signalling   5 DNA replication   2 

Ubiquitin mediated proteolysis   5 PPAR signalling   2 

Apoptosis   5 Nucleotide excision repair   2 

T cell receptor signalling   5 p53 signaling   2 

Neurotrophin signalling   5 Complement and coagulation cascades  2 

Huntington's disease   5 Dorso-ventral axis formation 2 

Renal cell carcinoma   5 Notch signalling   2 

Pancreatic cancer   5 mTOR signalling    2 

Prostate cancer   5 Antigen processing and presentation   2 

Small cell lung cancer   5 Toll-like receptor signalling  2 

Arrhythmogenic right ventricular 

cardiomyopathy (ARVC)   5 Fc epsilon RI signalling   2 

Purine metabolism   4 Adipocytokine signalling   2 

Heparan sulfate biosynthesis   4 Parkinson's disease  2 

Glycerolipid metabolism   4 Maturity onset diabetes of the young  2 

ErbB signalling   4 Bladder cancer   2 

Oocyte meiosis   4 Primary immunodeficiency   2 

Lysosome   4 Citrate cycle (TCA cycle)   1 

VEGF signalling   4 Fatty-acid biosynthesis   1 

ECM-receptor interaction 4 Steroid hormone biosynthesis   1 

Gap junction   4 Caffeine metabolism   1 

Hematopoietic cell lineage   4 Pyrimidine metabolism   1 

B cell receptor signalling   4 Valine, leucine and isoleucine degradation   1 

Long-term depression 4 Valine, leucine and isoleucine biosynthesis   1 

Aldosterone-regulated sodium 

reabsorption  4 Arginine and proline metabolism   1 

Amyotrophic lateral sclerosis (ALS)   4 Tyrosine metabolism   1 

Glioma   4 Other glycan degradation  1 

Basal cell carcinoma   4 Starch and sucrose metabolism   1 

  

Amino sugar and nucleotide sugar 

metabolism   1 

Dilated cardiomyopathy   4 Glycosaminoglycan degradation   1 

 



163 

 

Table 6.5. (Contd) 

Pathway 

No. 

Genes Pathway 

No. 

Genes 

Cysteine and methionine metabolism   3 Chondroitin sulfate biosynthesis   1 

N-Glycan biosynthesis 3 Keratan sulfate biosynthesis   1 

Glycerophospholipid metabolism   3 Sphingolipid metabolism   1 

ABC transporters   3 alpha-Linolenic acid metabolism  1 

Ribosome   3 

Glycosphingolipid biosynthesis-lacto and 

neolacto series  1 

Homologous recombination   3 Nicotinate and nicotinamide metabolism   1 

Cardiac muscle contraction   3 Riboflavin metabolism  1 

Intestinal immune network for IgA 

production   3 Pantothenate and CoA biosynthesis   1 

GnRH signalling   3 Lipoic acid metabolism   1 

Progesterone-mediated oocyte 

maturation 3 Basal transcription factors  1 

Melanogenesis   3 Drug metabolism—other enzymes  1 

Endometrial cancer   3 Proteasome   1 

Acute myeloid leukemia   3 Mismatch repair   1 

Non small-cell lung cancer 3 Non-homologous end-joining 1 

Fructose and mannose metabolism   2 Regulation of autophagy   1 

Primary bile acid biosynthesis   2 Peroxisome   1 

Glycine, serine and threonine 

metabolism   2 NOD-like receptor signalling  1 

Selenoamino acid metabolism   2 RIG-I-like receptor signalling  1 

O-Glycan biosynthesis  2 Circadian rhythm—mammal  1 

Inositol phosphate metabolism   2 Taste transduction   1 

Thiamine metabolism   2 Type I diabetes mellitus   1 

Retinol metabolism   2 Thyroid cancer   1 

Drug metabolism-cytochrome P450  2 Autoimmune thyroid disease   1 

Biosynthesis of unsaturated fatty acids   2 Viral myocarditis   1 
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Table 6.6. Descriptive statistics and heritability estimates (h2) (±SE) for growth and feed 

efficiency in the validation population in feedlot beef cattle. 

 

Trait Mean SD Min Max h
2
±SE 

DMI, kg d-1 9.788 1.78 4.176 15.54 0.47 ± 0.13 

ADG, kg d-1 1.70 0.38 0.73 2.8 0.39 ± 0.13 

MMWT, kg-0.75 92.20 11.40 53.25 123.59 0.58 ± 0.14 

RFI, kg d-1 -0.07 1.11 -3.70 3.35 0.25 ± 0.13 

FCR kg feed kg-1 gain 6.08 1.91 3.11 15.83 0.23 ± 0.1291 



165 

 

Table 6.7. Significant and suggestive SNPs for feed efficiency and performance traits 

in the validation study on 1,815 SNPs adjusted for 20% false discovery 

rate threshold. 

Trait BTA 
SNP 

position 
MAF No1 B SE 

P value 

 
gene or flanking gene 

DMI 5 119547548 0.393 663 -0.240±0.08 0.002731& 616055:   4363 bp at 3' side 

       

513297:  10304 bp at 5' side 

DMI 5 119580283 0.355 663 -0.254±0.08 0.002433& 616055: 4498 bp at 5' side 

       

534109:   32153 bp at 3' side 

ADG 6 8235477 0.430 664 0.055±0.02 0.000540& 524136:232336 bp at 5' side 

       

100138195:   306506 bp at 3' side 

FCR 6 8235477 0.430 664 -0.224±0.05 0.000006* 524136:232336 bp at 5' side 

       

100138195:   306506 bp at 3' side 

FCR 8 41954334 0.354 659 0.174±0.05 0.000459* 768075:390 bp at 5' side 

       

281613:   47861 bp at 3' side 

RFI 13 13831988 0.474 664 -0.220±0.07 0.001332* 519069:   60626 bp at 3' side 

       

782181:  935734 bp at 5' side 

RFI 13 63235774 0.289 664 -0.221±0.07 0.002181& 522020 

RFI 13 83284015 0.245 664 0.273±0.08 0.000449* 539114: 937793 bp at 3' side 

FCR 16 6732895 0.126 664 -0.245±0.07 0.000690* 100138741:   718396 bp at 3' side 

       

100139831:  387752 bp at 5' side 

ADG 18 4486687 0.136 664 -0.070±0.02 0.001487& 618792:  103372 bp at 5' side 

RFI 21 29026289 0.477 664 0.210±0.07 0.002711& 524684 

FCR 21 29076315 0.497 664 0.153±0.05 0.001778& 524684:   2992 bp at 5' side 

       

512584:   7469 bp at 3' side 

RFI 21 29076315 0.497 664 0.235±0.07 0.000651* 524684:   2992 bp at 5' side 

       

512584:   7469 bp at 3' side 

DMI 24 1403138 0.409 664 0.244±0.07 0.000886* 

 MM

WT 25 13155182 0.114 664 -1.771±0.60 0.003231& 100139490 

FCR 28 7035765 0.457 658 -0.129±0.04 0.003688& 281072:  31275 bp at 5' side 

       

534319:   133770 bp at 3' side 

FCR 28 19175716 0.169 664 0.209±0.06 0.000428* 512704:   539831 bp at 5' side 

       

100139296:   1955569 bp at 3' side 

FCR 28 43935500 0.221 664 -0.199±0.05 0.000280* 785781:   1229 bp at 3' side 

       

524732:  7356 bp at 5' side 

 * is significant SNP 
& is a suggestive SNP 

BPPos is the SNP position in the base pair 
1 is the number of animals used in the model for the given SNP and trait 
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Table 6.8. The significant (P<0.05) SNP for residual feed intake (RFI) in the 

validation study on 1,815 SNPs not passing the 20% false discovery rate 

threshold. 

Gene ID BTA BPPos MAF No B±SE P value features 

613677 2 53491928 0.087 664 -0.268±0.12 0.0245    910444 bp at 3' side 

534678 2 65649422 0.255 663 -0.196±0.08 0.0093 

 617222 2 71012673 0.456 664 -0.134±0.07 0.0413 

 519222 2 123898738 0.318 664 0.180±0.07 0.0115 

 100125578 4 83384902 0.121 664 0.224±0.10 0.0318 

 767905 5 5294126 0.315 663 0.147±0.07 0.0337 

 538086 5 50698221 0.370 663 -0.141±0.07 0.0378  362694 bp at 5' side 

286800 5 80699305 0.467 664 -0.171±0.07 0.0107     

524136 6 8133706 0.145 664 -0.245±0.09 0.0096  130565 bp at 5' side 

100138195 6 8133706 0.145 664 -0.245±0.09 0.0096    408277 bp at 3' side 

614299 6 41680774 0.087 664 -0.283±0.12 0.0157   157799 bp at 5' side 

100140991 6 41680774 0.087 664 -0.283±0.12 0.0157    649494 bp at 3' side 

614299 6 42099467 0.439 664 -0.159±0.07 0.0157  576492 bp at 5' side 

100140991 6 42099467 0.439 664 -0.159±0.07 0.0157    230801 bp at 3' side 

522574 6 119397214 0.192 664 0.170±0.08 0.0459    

282123 8 44074918 0.321 664 0.152±0.07 0.0293    36732 bp at 3' side 

514957 8 44074918 0.321 664 0.152±0.07 0.0293   93934 bp at 5' side 

282392 8 81188589 0.316 664 0.192±0.07 0.0102   67594 bp at 5' side 

613960 8 81188589 0.316 664 0.192±0.07 0.0102    39208 bp at 3' side 

514807 8 87311752 0.215 664 -0.206±0.08 0.0102    23920 bp at 3' side 

540823 8 87311752 0.215 664 -0.206±0.08 0.0102    17563 bp at 5' side 

767944 10 31012229 0.125 664 -0.230±0.10 0.0235   520942 bp at 5' side 

100139043 10 31012229 0.125 664 -0.230±0.10 0.0235    694297 bp at 3' side 

523056 10 60223487 0.245 663 0.170±0.07 0.0223    133976 bp at 3' side 

507524 10 60223487 0.245 663 0.170±0.07 0.0223  18758 bp at 5' side 

614507 10 79317853 0.175 664 0.181±0.09 0.0363    

282124 11 83588207 0.337 664 0.197±0.07 0.0045  415286 bp at 5' side 

504763 11 83588207 0.337 664 0.197±0.07 0.0045    451386 bp at 3' side 

509259 12 14348176 0.268 664 0.201±0.08 0.0077    

100140463 12 48416530 0.230 664 0.164±0.08 0.0467    51255 bp at 5' side 

512659 13 36461722 0.261 664 -0.157±0.07 0.0314    

526612 13 60541730 0.171 664 -0.209±0.08 0.0141    2578 bp at 3' side 

786236 13 60541730 0.171 664 -0.209±0.08 0.0141  9096 bp at 5' side 

527488 13 63784062 0.195 664 -0.174±0.08 0.0320    10395 bp at 5' side 

527740 13 63784062 0.195 664 -0.174±0.08 0.0320    130850 bp at 3' side 

282005 13 65033976 0.166 664 -0.188±0.09 0.0375   2840 bp at 5' side 
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Table 6.8. (Contd) 

Gene ID BTA BPPos MAF No B±SE P value features 

536622 13 65033976 0.166 664 -0.188±0.09 0.0375    49981 bp at 3' side 

533815 14 63884916 0.178 664 0.194±0.09 0.0251     

539898 15 40792955 0.316 664 -0.152±0.07 0.0311    40847 bp at 3' side 

616568 15 40792955 0.316 664 -0.152±0.07 0.0311   10219 bp at 5' side 

100138741 16 6732895 0.126 664 -0.237±0.10 0.0200    718396 bp at 3' side 

100139831 16 6732895 0.126 664 -0.237±0.10 0.0200   387752 bp at 5' side 

540872 16 63862573 0.133 664 -0.218±0.10 0.0229 

 521326 16 64844297 0.398 664 -0.149±0.07 0.0238 

 506353 17 55527334 0.495 664 -0.155±0.07 0.0193 

 508025 18 17149842 0.365 664 0.201±0.07 0.0026     

539135 18 20013004 0.483 662 0.189±0.07 0.0060    110063 bp at 3' side 

516179 18 20013004 0.483 662 0.189±0.07 0.0060   637396 bp at 5' side 

506723 19 14984464 0.053 664 -0.284±0.14 0.0425    30351 bp at 5' side 

507204 19 19498321 0.167 664 -0.201±0.09 0.0215    7333 bp at 3' side 

615250 19 19498321 0.167 664 -0.201±0.09 0.0215    152353 bp at 5' side 

511955 19 22787335 0.465 664 0.144±0.07 0.0448 

 539442 20 1312761 0.233 664 -0.161±0.08 0.0326   175680 bp at 5' side 

515158 20 1312761 0.233 664 -0.161±0.08 0.0326    342633 bp at 3' side 

535362 22 18869640 0.322 664 0.156±0.07 0.0270    289832 bp at 3' side 

540474 22 18869640 0.322 664 0.156±0.07 0.0270    367347 bp at 5' side 

282393 22 52495995 0.221 664 0.223±0.08 0.0052   9377 bp at 5' side 

751828 22 52495995 0.221 664 0.223±0.08 0.0052    25532 bp at 3' side 

 

24 1403138 0.409 664 0.153±0.06 0.0148 

 504617 26 36615065 0.438 664 0.138±0.06 0.0303    

511345 27 9681100 0.239 660 0.166±0.08 0.0326   209058 bp at 5' side 

100139842 27 9681100 0.239 660 0.166±0.08 0.0326    765845 bp at 3' side 

511345 27 9715032 0.229 664 0.152±0.08 0.0500  242990 bp at 5' side 

100139842 27 9715032 0.229 664 0.152±0.08 0.0500    731913 bp at 3' side 

100139842 27 10625653 0.218 664 -0.155±0.08 0.0467    177146 bp at 5' side 

100139426 27 10625653 0.218 664 -0.155±0.08 0.0467    562493 bp at 3' side 

781044 28 136029 0.200 662 0.172±0.08 0.0373   76894 bp at 3' side 

512704 28 19175716 0.169 664 0.234±0.08 0.0052    539831 bp at 5' side 

100139296 28 19175716 0.169 664 0.234±0.08 0.0052    1955569 bp at 3' side 

780777 28 22573309 0.381 664 0.145±0.06 0.0213   
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Figure 6.1. The distribution of SNPs (1,879 SNP) obtained by whole genome association study (GWAS) 

and used in the training dataset. 
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Figure 6.2.  Results of association analysis using BayesB on 1,897 SNPs association with residual 

feed intake (RFI).  
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Note: Points represent PPA/(1-π) value (y-axis) where PPA is the posterior probability of association and π is the proportion 

of SNPs (16.54%) that have no effect on RFI relative to genomic location (x-axis) of SNPs. The horizontal 

line matches the significance threshold used and thus the dots above the line are significant. 
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Figure 6.3. Framework for the association and functional analysis in the training population. 
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Figure 6.4 Biological processes associated with identified candidate genes (more than 40 genes) and related to genetic variations in residual feed intake (RFI).
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Figure 6.5 Biological pathways associated with identified candidate genes (more than 6 genes) and related to genetic variations in residual feed 

intake (RFI). 
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CHAPTER 7 

IDENTIFICATION OF SINGLE NUCLEOTIDE POLYMORPHISMS FOR FEED 

EFFICIENCY AND PERFORMANCE IN CROSSBRED BEEF CATTLE.  

7.1. Abstract 

Novel genomics approaches offer opportunities to select for efficient cattle to 

reduce feed costs and have a significant impact on beef production. The objectives of this 

study were to: (1) identify new SNPs for residual feed intake (RFI) and performance 

traits within the candidate genes identified in a genome wide association study (GWAS); 

(2) estimate the proportion of variation in feed efficiency traits explained by the detected 

SNPs; (3) estimate the effect of detected SNPs on carcass traits to avoid undesirable 

correlated effects on other economically important traits when selecting for feed 

efficiency; and (4) map the corresponding genes to biological mechanisms and pathways. 

A total number of 339 SNPs corresponding to 180 genes were tested for association with 

phenotypes using a single locus regression (SLRM) and genotypic model on 726 and 990 

crossbred animals for feed efficiency and carcass traits, respectively. Strong evidence of 

associations for RFI were located on chromosomes 8, 15, 16, 18, 19, 21, and 28. The 

strongest association with RFI (P= 0.0017) was found with a newly discovered SNP 

located on BTA 8 within the ELP3 gene. In addition, SNPs rs41820824 and rs41821600 

on BTA 16 within the gene HMCN1 showed strong evidence of association with RFI 

(P=0.0064 and P=0.0033, respectively). A newly identified SNP located on BTA 18 

within the ZNF423 gene provided strong evidence for association with RFI (P=0.0028). 

Several SNPs provided strong evidence of association with other feed efficiency, 
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performance, and carcass traits using the SLRM and genotypic model. Genomic 

estimated breeding values (GEBV) from 98 significant SNPs were moderately correlated 

(0.47) to the estimated breeding values (EBVs) from a mixed animal model. The 

significant SNPs (98) explained 18.06% of the phenotypic variance of RFI. Functional 

analysis for the corresponding genes to significant SNP for feed efficiency traits 

suggested 35 and 39 biological processes and pathways respectively with majority in ion 

and cation transport, phosphorus metabolic process, and regulation of transcription. The 

newly discovered SNPs should be validated in another population and incorporated in a 

DNA testing panel to evaluate the genetic merit of beef cattle for feed efficiency traits 

industry-wide.  

Key words: Candidate genes, Single nucleotide polymorphism, feed efficiency, carcass 

traits 

7.2. Introduction 

As feed costs are a major factor influencing the profitability of beef cattle, there 

are many endeavours to reduce these costs. Improving feed efficiency could be achieved 

by novel feeding strategies and genetic improvement technologies. Although residual 

feed intake (RFI) has emerged as one of the important feed efficiency traits for beef cattle 

(Wulfhorst et al., 2010); there are limitations to direct selection to improve feed 

efficiency industry-wide. These limitations are the expense and difficulty of recording an 

animal’s daily feed intake. Novel genomics approaches offer opportunities to select cattle 

that are more efficient, as once the relationships between genetic markers and feed 

efficiency are determined, this prediction can be applied to animals that are genotyped, 

but are not associated with costly feed intake measurements (Meuwissen et al., 2001).  
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Since 2000, advances in high-throughput genotyping and sequencing techniques 

resulted in high density SNP chips, such as the Illumina BovineSNP50 BeadChip 

(Matukumalli et al., 2009). Using the Bovine SNP50 in dairy cattle allows the genetic 

value of animals (Hayes et al 2009) to be more accurately predicted. In beef cattle, the 

use of such developments will benefit most for traits, such as feed efficiency and carcass 

traits (Dekkers and Hospital, 2002). Several genome wide association studies (GWAS) 

indicated that many genes affect feed efficiency traits and that the majority of these 

effects are small (Nkrumah et al., 2007a; Barendse et al., 2007; Sherman et al., 2008b; 

Sherman et al., 2010; Bolormaa et al., 2011; Mujibi et al., 2011; Snelling et al., 2011). 

These studies reported many SNPs conferring genetic variation in feed efficiency. 

Nonetheless, although many SNPs were studied, the genetic architecture of feed 

efficiency was not completely explained.  

Results from fine-mapping in Chapter 6 suggested a list of candidate genes for 

further investigation to identify the causal mutations for feed efficiency within these 

genes. Discovery of the causal mutations within these genes could explain the genetic 

architecture of feed efficiency. Furthermore, this discovery could provide a panel with the 

most informative SNPs to predict feed efficiency accurately and affordably for producers. 

Therefore, the objectives of this study were to: (1) identify new SNPs for RFI and 

performance traits within the candidate genes identified in Chapter 6; (2) estimate the 

proportion of variation in feed efficiency traits explained by the detected SNPs; (3) 

estimate the effect of detected SNPs on carcass traits to avoid undesirable correlated 

effects other economic traits when selecting for feed efficiency; and (4) map the 
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corresponding gene to a biological process and pathway to understand the biological 

meaning behind the detected associations. 

7.3. Material and Methods 

7.3.1 Animals and Phenotypic data 

Feed efficiency traits. Average daily dry matter intake (DMI), average daily gain 

(ADG), midpoint metabolic weight (MMWT), RFI and feed conversion ratio (FCR) 

phenotypes were measured on 726 crossbred beef cattle, heifers (38), steers (387), and 

bulls (301). Average breed compositions were formed by Angus (45.9%), Simmental 

(20.7%), Piedmontese (5%), Gelbvieh (4.2%), Charolais (2%) and Limousin (1.4%). 

Animals primarily originated from one of two University of Guelph herds (EBRC and 

NLARS), the Agriculture and Agri-Food Canada Kapuskasing Research Centre (KAP) 

or were purchased from producers in Ontario, Canada. Calves were weaned at 

approximately 200 days of age, and were involved in various post-weaning trials at the 

EBRC with different nutrition treatments. The body weights of the animals were recorded 

a number of times over the trials with most trials recording weights at least every four 

weeks. 

The ADG of animals was calculated as a linear regression coefficient of their live 

weights on the actual days of measurement using the nlme package from R software 

(Pinheiro et al., 2011). The MMBW was calculated as the midpoint body weight (kg) to 

the power 0.75. The DMI was calculated for each animal as total DMI divided by number 

of days of the test period. The RFI was calculated from the difference between the 

average of the animal’s actual daily DMI and its expected daily DMI (Arthur et al., 
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2001). Expected DMI was determined through the regression coefficients estimated from 

the data through a multiple phenotypic regression model as follows: 

yijk =  µ + β1(ADG) + β2(MWT) + Sexi+ TTYj + eijk                                (7.1) 

Where, yijk is the total DMI for animal k during the feeding period, µ is the overall 

mean, β1 is the regression coefficient of the linear regression on ADG as determined 

through a linear regression of weights on days on trial as described, β2 is the regression 

coefficient of the linear regression on MMWT, sexi is the effect of  i
th

 sex, TTYj is the 

effect of j
th

 treatment × trial ×year (42 levels) and eijk is the residual random effect 

associated with the animal k and is the resulting RFI used in further analyses.  

Carcass and meat quality traits. The association analysis of carcass and meat quality 

traits was carried out on 693-990 (depending on the trait) crossbred animals, heifers (33), 

steers (705), and bulls (252). All cattle were slaughtered at the University of Guelph Meat 

Science Laboratory Abattoir. The carcass traits were measured by the staff of the Meat 

Lab at the University of Guelph after the carcass was cut between the 12
th

 and 13
th

 ribs. 

The subcutaneous fat depth between the 1
st
 and 2

nd
, 2

nd
 and 3

rd
, and 3

rd
 and 4

th
 quarters of 

the longissimus dorsi muscle was measured and recorded as F1, F2 and F3, respectively. 

The longissimus dorsi muscle, known as the Ribeye, was measured using an electronic 

planimeter (MOP-3; Carl Zeiss Inc., Thornwood, NY) after acetate tracing (Bergen et al., 

2005). University of Guelph lean yield (UGY) is an estimate of the percentage of the 

carcass that is red meat, based on the Canadian Beef Grading Agency formulae 

(www.beefgradingagency.ca/). Hot carcass weight (HCW) was measured just before the 

carcass was placed in the cooler. Marbling is based on the average amount, size and 

distribution of fat particles or deposits in the longissimus dorsi muscle. Marbling was 
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scored as ≤3.0 = devoid; 3.1 to 4.0 = traces; 4.1 to 5.9 = slight; 6.0 to 7.0 = small to 

moderate; and ≥7.0 = slightly abundant to abundant. Rib dissection traits were also 

measured using a 4-6 rib section depending on the trial and year (ribs 8-12 or 6-12, 

respectively). This procedure determines the amount and percentage of fat (body, 

subcutaneous and intermuscular), lean meat and bone found within the rib dissection. A 

complete description of carcass measurements was discussed by Bergen et al. (2005). 

7.3.2 SNP discovery, DNA isolation and Genotyping 

Tissue samples collected from various tissues types were sent to the Alberta 

Bovine Genomics Laboratory, University of Alberta, for SNP discovery using the next 

generation sequencing platform (SOLiD™ 3 system) and pooled RNA samples. A panel 

of 458 SNPs was developed for genotyping from the discovered SNPs. Briefly, SNPs 

were selected from 215 candidate genes. These genes were selected for having or 

flanking a reported significant SNP (807), as discussed in Chapter 6. 

Tissue or blood samples were prepared and sent to Laboratory Services, 

University of Guelph, for genomic DNA extraction based on laboratory procedures. 

Then, prepared DNA samples were sent to GeneSeek, Inc. for genotyping using  a 

commercial platform for high-throughput SNP genotyping. In total, 1,032 animals were 

genotyped for the developed panel (458 SNPs).  

Quality control (QC) was done by the GenABEL package (Aulchenko et al., 

2007) in R software. Animals and individual SNPs with a low call-rate (<90%) were 

excluded from the analysis. Mean Identical By State (IBS) was 0.783±0.0327. Animals 

with high estimation of IBS (>=0.95) were excluded. SNPs with a minor allele frequency 

(MAF) (< 1%) were excluded from the analysis of feed efficiency traits. Mean autosomal 
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heterozygosity (HET) was 0.27±0.036, and animals with high HET (>= 0.446, FDR 

<5%) were excluded. Three hundred thirty nine SNPs and 727 animals passed all QC 

criteria where these SNPs were mapped to 180 corresponding genes (83,58, 24, 9, 4, and 

2 genes including only 1, 2, 3, 4, 5 and 6 SNPs, respectively). The distribution of 

genotyped SNPs (339) across 29 chromosomes of the bovine genome is presented in 

Figure 7.1. 

7.3.3 Association analysis 

Single locus regression model (SLRM). Genotypic data were coded as 0, 1, 2 

corresponding to the number of minor alleles using GenABEL. In this model, phenotypes 

were regressed on the number of copies of a minor allele (0, 1, or 2) for estimating the 

allele’s substitution effect using ASReml 3 software (Gilmour et al., 2009). For feed 

efficiency traits, the univariate animal model was fitted as follows: 

Yijkl = µ + Sexi+ HYj + TTYk + β1SNP + β2 AET + β3 AN + β4 CH + β5 LM + β6  

SM + β7 PI+ β8 GV+ β9HET + al + eijkl                                            (7.2) 

in which Yijkl is the trait measured in the l
th

 animal of the j
th

 herd-year of birth and 

the k
th

 treatment trial-year group; µ is the overall mean for the trait; Sexi is the fixed 

effect of the i
th

 sex of l
th

 animal; HYj is the fixed effect of the j
th

 (17 level) herd-year of 

birth group; TTYk is the fixed effect of the k
th

 (42 level) treatment trial-year of the test 

group; β1 is the regression coefficient of the linear regression on the number of copies of 

a minor allele; β2 is the regression coefficient of the linear regression on age at the end of 

the test period (AET) of the l
th

 animal; β3 to β7 are the regression coefficients of the linear 

regressions on proportion of AN, CH, LM, SM, PI, and GV breeds in the l
th

 animal; β9 is 
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the regression coefficient of the linear regression on the percentage of heterozygosity of 

the l
th 

animal; al is the random additive genetic (polygenic) effect of the l
th

 animal; and 

eijklm is the residual random effect associated with the l
th

 animal. The TTY level that had 

less than three animals was excluded from the analysis. Phenotypes that were not within 

the mean ± 3 standard deviation of traits were excluded from the analysis.  

For carcass traits, the previous model (7.2) was modified to include the effect of 

the treatment trial-year sex group instead of TTY and to include the fixed effect of the 

herd-year slaughter season instead of HY. Also, the effect of age at the end of the test 

period (day) was substituted by the age at slaughter (day). 

The significance of associations was determined by an overall value of P < 0.05. 

To allow for multiple hypothesis-testing, false discovery rate (FDR) was used (Benjamini 

and Hochberg, 1995).A threshold of 0.05 and 0.2 were used for strong and suggestive 

associations, respectively. 

Genotypic model. This model was fitted only for feed efficiency traits to consider 

genetic effects other than the additive effect on feed efficiency traits. The model included 

the same effects in the SLRM, except that the allele substitution effect was replaced with 

the genotype effect. This model was not fitted for carcass traits to reduce the volume of 

results for this study. 

7.3.4 Estimation of genetic variance explained by identified SNPs.  

The proportion of phenotypic variance in RFI explained by the full set (339 

SNPs) that passed QC was estimated using the BayesB algorithm implemented in GenSel 

3.13 software (Fernando and Garrick, 2009). Also, the proportion of the phenotypic 
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variance of RFI explained by the set of significant SNPs for at least one of the feed 

efficiency traits using SLRM and/or the genotypic model was estimated. Missing 

genotypes were inferred using fastPHASE (Scheet and Stephens, 2006). Phenotypes of 

RFI were adjusted for the fixed effects in the SLRM using ASReml; then BayesCπ was 

used to calculate π. BayesB was then used to run the analysis with the two sets of SNPs 

(the full set [339 SNPs] and significant SNPs from the two models [98 SNPs]). Posterior 

residual and genetic variances were estimated after 41,000 iterations including 1,000 

burn-in cycles. The proportion of phenotypic variance explained by the set of SNPs was 

estimated as posterior genetic variance divided by phenotypic variance (posterior residual 

plus posterior genetic variance). In addition, the correlations between genomic breeding 

values predicted by estimated solutions, and estimated breeding value (EBV) (determined 

with the SLRM without the regression on SNPs) and adjusted phenotypes (determined 

with the SLRM without the animal’s effect and regression on SNP) by ASReml were 

estimated. 

7.3.5 Enrichment analysis. 

The significant SNPs (98) from the SLRM and genotype models for at least one 

feed efficiency trait from the association analysis were mapped to their corresponding 

genes (74 genes). Then, the list of genes was submitted to DAVID 6.7 Beta software 

(Huang et al., 2009) for functional analysis. In DAVID, Gene ontology (GO) was used to 

identify functionally related genes. The genes were also mapped to biological pathways 

using web software in the Kyoto Encyclopedia of Genes and Genomes (KEGG) 

(Kanehisa et al., 2010).  

7.4. Results 
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The descriptive statistics of feed efficiency, performance and carcass traits are 

given in Table 7.1. Using the single trait animal model on ASReml, the estimates of 

heritabilities were 0.35, 0.48, 0.42, 0.19, and 0.25 for ADG, MMWT, DMI, RFI and FCR 

(Table 7.2). 

Association analysis for feed efficiency traits 

Results indicated 24 SNPs gave a strong evidence of association for at least one 

feed efficiency trait phenotype using SLRM (Table 7.3). The associations with feed 

efficiency traits were confirmed by both association analysis methods on Bos taurus 

autosomal chromosomes (BTA) 5, 8, 15, 16, 18, 19, 21, 27, and 28 (Table 7.3 to Table 

7.5). Four SNPs were strongly associated with DMI and RFI, whereas one SNP 

(rs41914675) was strongly associated with three feed efficiency traits (DMI, RFI, and 

FCR). 

RFI. Results indicated that 11 SNPs showed strong evidence of association with 

RFI on BTAs 8, 15, 16, 18, 19, 21, and 28 (Table 7.3). The strongest association for RFI 

was found on a newly discovered SNP located on BTA 8 (10674426 bp), within the 

ELP3 (elongation protein 3 homolog) gene (Table 7.3, P= 0.0017). In addition, SNPs 

rs41820824 and rs41821600 located on BTA 16, within the gene HMCN1 (hemicentin 1), 

showed strong evidence of association with RFI (Table 7.3, P=0.0064 and P=0.0033, 

respectively). The newly identified SNP located on BTA 18 (17150858 bp), within gene 

ZNF423 (zinc finger protein 423), gave a strong evidence for association with RFI (Table 

7.3, P=0.0028).  

Highly suggestive evidence of association for RFI was observed on BTA 6 

(37288379bp), within gene PPM1K (protein phosphatase, Mg2+/Mn2+ dependent, 1K) 
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(Table 7.3, P=0.0059). SNP rs41914675, rs43020769, rs43020736, rs41257208, and 

rs43657898 also provided evidence of association with RFI by the two methods of 

association analysis (Table 7.4 and 7.5). 

DMI. Six SNPs showed significant or suggestive association with DMI, whereas 

12 SNPs showed association with DMI at P <0.05 using SLRM (Table 7.3 and 7.4). The 

newly discovered SNP on BTA 8 (10674426bp), within gene ELP3 (elongation protein 3 

homolog), showed a significant association with DMI (Table 7.3, P=0.0006). Also, SNP 

rs41914675 on BTA 19, within gene CACNA1G (calcium channel, voltage-dependent, T 

type, alpha 1G subunit), showed strong evidence for association with DMI (Table 7.3, 

P=0.0008). Two discovered SNPs, within gene RANGAP1 (ID: 616055; Ran GTPase 

activating protein 1), were significantly associated with DMI (Table 7.3, P=0.0023 and 

P=0.0025). SNP rs43020736 on BTA 21, within gene PCSK6 (proprotein convertase 

subtilisin/kexin type 6), showed strong evidence for association with DMI (Table 7.3, 

P=0.0018). Genotypes in the newly discovered SNPs on BTA 18 (17150858bp), within 

gene ZNF423 (zinc finger protein 423), BTA 20 (18134996 bp), within gene PO11 

(importin 11), and BTA 10 (50256553 bp), within gene ANXA2 (annexin A2), showed 

significant association with DMI (Table 7.5), whereas they showed evidence for 

association with DMI using SLRM at P<0.05). Other SNPs exhibiting some evidence of 

association with DMI (P<=0.05) by allele substitution and genotypic models are 

summarized in Table 7.4 and Table 7.5.  

FCR. One SNP (rs41914675), within gene CACNA1G, showed a suggestive 

evidence for association with FCR using SLRM (Table, P=0.0043) and strong evidence 

using the genotypic model (Table 7.5, P=0.002). Ten SNPs provided evidence of 
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association with FCR using the allele substitution model (Table 7.4, P<0.05). SNP 

rs41816109, within gene RNASEL, showed some evidence for association with FCR 

using SLRM (Table 7.4, P=0.0092) and the genotypic model (Table 7.5, P=0.05). Also, 

newly identified SNPs on BTA 17 (67567014 bp), within gene CORO1C (coronin, actin 

binding protein, 1C), and SNP on BTA 25 (36280779 bp), within gene POR (P450 

(cytochrome) oxidoreductase), showed some evidence of association with FCR at P < 0.5 

using the two methods of analysis (Table 7.4 and 7.5). Other SNPs exhibiting some 

evidence of association (P<=0.05) with FCR using the allele substitution model are 

summarized in Table 7.4. In addition, several SNPs gave highly suggestive evidence of 

association using the genotypic model. This is presented in Table 7.5. 

ADG. Two SNPs were found to be significant using SLRM after adjusting for 

FDR (Table 7.3). The most significant SNP (rs41574929) was located on BTA 6, within 

gene FAM190A (family with sequence similarity 190, member A) (ID: 616908). Also, a 

strong evidence of association was found for SNP rs42417924, located on BTA 3, within 

gene LRRIQ3 (leucine-rich repeats and IQ motif containing 3). BOD1L (biorientation of 

chromosomes in cell division 1-like) (ID: 508527) SNP showed a strong association with 

ADG. Also, SNPs rs43006895 and rs41574929 showed strong association with ADG 

(Table, 7.5; P=0.003 and P=0.004, respectively). Other SNPs exhibiting some evidence 

of association (P<=0.05) with ADG using the allele substitution model and the genotype 

model are summarized in Table 7.4 and Table 7.5. 

MMWT. Results from SLRM showed that 10 SNPs were significantly or 

suggestively associated with MMWT. SNP rs43702346 (6:  37439120), within gene 
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PKD2 (polycystic kidney disease 2 autosomal dominant), showed the strongest 

association with MMWT (Table 7.3, P=0.0009).   

Association analysis for carcass and meat quality traits 

Results from the association analysis using SLRM indicated that 59 SNPs gave 

strong or suggestive associations based on the FDR test for at least one carcass trait 

phenotype (Table 7.6 to 7.8). Results indicated that the majority of the strong or 

suggestive associations were for Intermuscular fat % (IFR) (14 indications). Thirteen 

SNPs were strongly associated  with marbling, whereas 12, 9, 8, 8, 6, 6, 5, 5, 4, 4, and 2 

SNPs were associated with longissimus dorsi muscle area (REA), HCW, F3, grade fat 

(GRF), F2, UGY, ACY, Body cavity fat  within the rib section % (BFR), Lean meat 

within the rib section % (LR), weight of subcutaneous fat from the rib section % (SQFR), 

and F1, respectively. In addition, results indicated that the strong or suggestive 

associations were distributed across the autosomal chromosomes, except BTA 8, 10, 13, 

17 and 18. The majority of significant SNPs were on BTA 12 (21 indications from 7 

SNPs), 2 (17 indications from 8 SNPs), 6 (14 indications from 8 SNPs), 27 (9 indications 

from 4 SNPs), 14 (5 indications from 3 SNPs), 20 (2 indications from 1 SNPs), 7 (4 

indications from 1 SNPs).  

Significant effects were found in 45 genes but the majority were in gene ERCC5 

(ID: 509602), revealing 13 of the significant associations with carcass traits (Table 7.7). 

Furthermore, genes C27H8orf40 (ID: 515895), GALNT13 (ID: 532545), PKD2 (ID: 

530393), RB1CC1 (ID: 539858), CCDC115 (ID: 614882) and LOC616568 (ID: 616568), 

revealed 7, 6, 5, 4, 4 and 4 strong indications of association with carcass traits, 

respectively. LACC1 (ID: 537649), PPM1K (ID: 540329), gene ABCG2 (ID: 536203), 
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NOSTRIN (ID: 521834), and SCEL (ID: 784362), each had three strong SNP associations 

with carcass traits. 

Several SNPs gave strong or suggestive evidence of association with more than 

one carcass trait. Three SNPs were strongly associated with 9, 6, or 6 carcass traits each. 

Two SNPs significantly affected four carcass traits each, whereas 6 SNPs were strongly 

associated with three carcass traits. In addition, 6 SNPs were strongly associated with two 

carcass traits, whereas 40 SNPs were associated with only one carcass trait. SNP 

rs43307594 on BTA 2, within gene GalNAc-T13 (ID: 532545), was strongly associated 

with six carcass traits where the substitution of the minor allele was associated with 

increases of F2, GRF, and F3 and decreases of HCW, REA and UGY (Table 7.6). The 

newly discovered SNP on BTA 12 (76889667bp), within gene ERCC5 (ID: 509602), 

provided evidence of association with 9 of the studied carcass traits where the 

substitution of the minor allele was associated with increases of ACY, REA, UGY and 

LYR and decreases in marbling, F3, GRF, IFR and SQFR (Tables 7.7). Another newly 

discovered SNP in gene ERCC5 (76885563bp) was strongly associated with four carcass 

traits where the substitution of the minor allele was associated with increases in F3, and 

GRF and decreases in ACY and LR (Table 7.7). An identified SNP on BTA 27 

(39798548bp), within gene C27H8orf40 (ID: 515895), showed strong evidence of 

associations with six carcass traits where the substitution of the minor allele was 

associated with an increase in IFR and SQFR and a decrease in LR, REA, UGY, and 

ACY (Table 7.8). SNP on BTA 7 (10135670bp), within gene (ID: 616568), was 

associated with four carcass traits where the substitution of the minor allele was 

associated with a decrease in IFR, SQFR, GRF and SQF (Table 7.7). SNP on BTA 27 
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(39712547bp), within gene 518905, was associated with one carcass traits where the 

substitution of the minor allele was associated with an increase in BFR (Table 7.8). SNP 

on BTA 2 (28200126bp), within the gene NOSTRIN (ID: 521834), provided evidence of 

association for three carcass traits where the substitution of the minor allele was 

associated with a decrease in UGY and an increase in F2 and GRF (Table7.6). SNP 

rs43287969 on BTA 2, within the gene CCDC115 (614882), showed highly suggestive 

evidence of association for three carcass traits where substitution with the minor allele 

was associated with an increase in F3, IFR and UGY (Table 7.6). SNP on BTA 14 

(21298275bp), within gene RB1CC1 (ID: 539858), was associated with three carcass 

traits where substitution with the minor allele was associated with an increase in F2 and a 

decrease in UGY and ACY (Table 7.8). SNP on BTA 12 (53305595bp), within gene 

SCEL (ID: 784362), was associated with one carcass traits where the substitution with the 

minor allele was associated with a decrease in marbling (Table 7.7). SNP rs43694364 on 

BTA 12, within gene ESD (ID: 535653), showed strong evidence of association with two 

carcass traits where substitution with the minor allele was associated with an increase in 

marbling and IFR (Table 7.7). SNP rs43702346 on BTA 6, within gene PKD2 (ID: 

530393), showed strong evidence of association with three carcass traits where 

substitution with the minor allele was associated with an increase in HCW and a decrease 

in marbling and IFR (Table 7.7). The newly identified SNP on BTA 6 (37386084bp), 

within gene ABCG2 (ID: 536203), was associated with three carcass traits where 

substitution with the minor allele was associated with an increase in HCW and a decrease 

in marbling and IFR (Table 7.6). Also, the newly identified SNP on BTA 6 

(37288379bp), within gene PPM1K (ID: 540329), was associated with three carcass traits 
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where substitution with the minor allele was associated with an increase in HCW and a 

decrease in marbling and IFR (Table 7.6). Finally, several SNPs provided highly 

suggestive or strong evidence of association with one or two traits, and are presented in 

Tables 7.6 to 7.8. The results from SLRM also indicated that several SNPs provided 

association (P < 0.05) with carcass traits but they did not pass the FDR test (results not 

presented).  

Results from the functional analysis for the mapped 39-of-74 genes suggested that 

35 biological processes are related to variation in feed efficiency traits (Table 7.12). The 

majority of the mapped genes were in ion transport (eight genes), cation transport (seven 

genes), phosphorus metabolic process (seven genes), and regulation of transcription (five 

genes) (Table 7.12). In addition, results from the functional analysis using the KEGG 

pathway search tool on the identified genes (74) showed that 14 genes were mapped to 39 

biological pathways (Table 7.13). Genes RASA1 (282032), CACNA1G (282411), and 

STK3 (533815) were mapped on the MAPK signalling pathway (Table 7.13). The 

metabolic pathways included genes TYR (280951), GALNT13 (532545), and ATP6V1E2 

(540113), whereas genes CACNA1G (282411) and ABCC8 (538996) were mapped on the 

Type II Diabetes Mellitus pathway (Table 7.13). Several pathways associated with the 

mapped genes (39) having significant SNPs for at least one feed efficiency trait are 

reported in Table 7.13.  

The correlation between EBVs of RFI using ASReml and genomic breeding 

values estimated from the 339 SNP set was 0.468, whereas the correlation between 

adjusted phenotypes of RFI using ASReml and GEBVs from the 339 SNP set was 0.477. 

The correlation between EBVs of RFI using ASReml and GEBVs estimated from the 98 
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SNP set was 0.453, whereas the correlation between adjusted phenotypes of RFI using 

ASReml and GEBVs from the 98 SNP set was 0.451. The proportion of phenotypic 

variance of RFI explained by the whole set of SNPs used in this study (339 SNPs) was 

11% where the estimated posterior means of residual and genetic variances were 0.924 

and 0.111, respectively. Using the 98 SNPs significantly associated (P<0.05) with at least 

one feed efficiency trait, the estimated posterior means of residual and genetic variances 

were 0.8835 and 0.195, respectively. Thus, the 98 SNPs explained 18.06% of phenotypic 

variance of RFI. 

7.5. Discussion 

Identifying informative or functional SNPs for feed efficiency traits for use in 

marker assisted selection (MAS) would accelerate genetic improvement in beef cattle by 

improving the accuracy of selection and shortening intervals between generations (Davis and 

DeNise, 1998). This would subsequently minimize methane (Nkrumah et al., 2006) and 

optimize beef production. In this study, a crossbred population was used to evaluate the 

relationship between potential genes identified in Chapter 6 and feed efficiency traits. 

Heritability estimates for feed efficiency traits are in the range reported in the literature. 

The estimated heritability for RFI (0.19) is within reported range from 0.16 to 0.45 (Herd 

and Bishop, 2000; Crowley et al. 2010), whereas heritability (0.35) for ADG is in 

agreement with Schenkel et al. (2004) (0.35). Estimated heritability for DMI (0.42) is 

within the reported range, from 0.31 to 0.44 (Arthur et al. 2001; Schenkel et al., 2004). 

FCR (0.25) is also within the reported range (0.17 to 0.37) (Herd and Bishop, 2000; 

Schenkel et al., 2004) as is MMWT (0.48) from 0.36 to 0.69 (Herd and Bishop, 2000; 

Crowley et al. 2010). The genetic variation and moderate heritabilities in feed efficiency 
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traits indicate effective selection would be possible where the trait is measured. However, 

the detected genetic variation also indicates that MAS could be effective where the 

genetic markers are closely linked to or are the causative mutation that has repeatable 

effects across independent populations.  

In the current study, SNP effects were estimated using SLRM or the genotypic 

model. To avoid the population stratification effect on estimating the SNP effect, the 

phenotypes were adjusted for breed proportion, and the polygenic effect was fitted using 

the animal model to account for possible family effects (Goddard and Hayes, 2009). 

There was no separate dataset for feed efficiency traits on the same 339 SNP chip that 

could be used for validation. Thus, these significant associations require validation in an 

independent population. 

Results reveal several candidate genes that provide highly significant evidence of 

association with RFI. These genes include ELP3, HMCN1, ZNF423, PPM1K, 

CACNA1G, PCSK6 and BOD1L and CNGA3. These promising candidate genes are 

located in chromosomes 8, 15, 16, 18, 19, 21, and 28. The strongest evidence of 

association with RFI and DMI was in SNP (8: 10674426) at three prime untranslated 

regions (3' UTR) of gene ELP3. In addition, SNP (8: 10675355) at 3' UTR and SNP (8: 

10720161) non-synonymous coding in gene ELP3 showed association with marbling, 

BFR and IFR where they are located within the confidence interval of reported QTL (ID: 

10818) for marbling score by Casas et al. (2001), QTL for REA, fat thickness, and HCW 

by McClure et al. (2010). Gene ELP3 modulates transcription by working as a catalytic 

histone acetyltransferase subunit of the RNA polymerase II elongator complex involved 

in transcriptional elongation (Wittschieben et al., 1999; Karam et al., 2010). In 
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Drosophila, reduction in ELP3 expression during the development of the nervous system 

increases activity and decreases sleep (Singh et al 2010) and the growth of adult flies (or 

could be lethal for the pupa) (Walker et al., 2011). 

In the current study on BTA 16, the splice site intronic mutation (rs41820824) and 

the missense mutation (rs41821600) within gene HMCN1 were associated with RFI 

where the substitution with the minor allele was associated with increased RFI and 

decreased F1. In addition, the minor allele of SNP rs41824268, within gene HMCN1, was 

associated with decreasing HCW, whereas in SNP rs41820800, it was associated with 

decreasing F2. Gene HMCN1 is known to be involved in age-related macular 

degeneration disorder (Schultz et al., 2005), and the polymorphisms within gene HMCN1 

were associated with diabetes (Kim et al., 2010).  

Synonymous coding SNP (18: 17150858), within gene ZNF423, showed evidence 

of association with RFI, DMI, MMWT, and F3 and was located near a reported QTL (ID: 

4449) for DMI by Nkrumah et al. (2007a). In addition, the minor allele of SNP (18: 

17152044) was associated with decreasing GRF, F3, and F2, and increased UGY, and 

was located near a reported QTL (ID: 11062) for REA and body weight (ID: 11061) by 

McClure et al., 2010. Gene ZNF423 is known as a transcription factor involved in metal 

ion-binding. Down regulation of ZNF423 expression increases cell growth and retards 

differentiation as a consequence of its important role with Vitamin A metabolite retinoic 

acid (Huang et al., 2009).   

On BTA 6, SNP (6: 37288379) at 3' UTR, within gene PPM1K, was associated with 

increased MMWT and HCW and decreased RFI, FCR, marbling, and IFR and was 

located near a reported QTL (ID: 10761) for fat thickness at the 12
th

 rib and a QTL (ID: 

http://www.ncbi.nlm.nih.gov/pubmed?term=%22Singh%20N%22%5BAuthor%5D
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10758) for marbling score (EBV) by McClure et al. (2010) and a QTL (ID: 1753) for 

milk fat percentage by Ashwell et al. (2004). Gene PPM1K is involved in the phosphorus 

metabolic process or in protein amino acid dephosphorylation. In addition, PPM1K plays 

a key role in cellular survival and development by regulating the mitochondria 

permeability transition pore function (Lu et al., 2007). However, different genes are 

involved in mitochondria adenosine triphosphate (ATP) synthesis efficiency and 

associated with differences in RFI (Kelly and Scarpulla, 2004; Kolath et al., 2006a; Kelly 

et al., 2011), therefore, the effect of gene PPM1K on mitochondrial ATP synthesis is not 

clear (Lu et al., 2007).  

Functional analysis was performed using DAVID on 74 genes. Thirty nine genes 

were involved in 35 biological mechanisms affecting feed efficiency traits. Ion transport 

and cation transport mechanisms contained the highest number of genes associated with 

feed efficiency traits. In addition, some genes affecting feed efficiency traits in the 

current study were involved in proteolysis, protein complex biogenesis, and protein 

amino acid glycosylation. The ion transport mechanism in conjunction with protein 

turnover and metabolism account for 37% of the variation in RFI (Richardson and Herd, 

2004). 

Protein synthesis accounted for 23% of total energy use in the whole body of 

ruminants (Caton et al., 2000). Protein turnover accounted for 42% of total GIT energy 

use in ruminants (Baldwin and Sainz, 1995). In the current study, some genes were 

involved in phosphorus metabolic process, phosphorylation, and protein amino acid 

phosphorylation, where protein metabolism was controlled by changing the 

phosphorylation status (Berndt and Kumar, 2009). Genes involved in the phosphorus 
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metabolic process and phosphorylation mechanisms regulate the metabolism of energy 

(Brown et al. 1988). In the current study, regulation of transcription mechanisms 

contributing to feed efficiency traits revealed that the connection between a functional 

mutation in a specific transcription factor could increase or decrease expressions of genes 

involved in glucose, amino acid, lipid, and cholesterol metabolism (Desvergne et al., 

2006). Many of the genes that up-regulated in response to nutritional restriction were 

involved in transcription control (Byrne et al., 2005).  

The functional study of genes having significant SNPs revealed potential 

pathways likely to contribute to variation in feed efficiency traits. Mitogen-activated 

protein kinases (MAPK) signalling pathway included three of the identified genes 

(RASA1, CACNA1G and STK3). In a study of the differences in global gene expression 

between high and low RFI animals, the majority of up-regulated genes in low RFI 

animals were stimulated by MAPKs (Chen et al., 2011), where the MAPKs were 

involved in signal transduction pathways to activate different cellular processes, such as 

cell division, differentiation, and cell death as a response to hormones and stress (Pearson 

et al., 2001). The TYR gene is involved in Riboflavin metabolism, melanogenesis, 

Tyrosine metabolism, and catecholamine biosynthesis, and the minor allele of SNP 

rs42402428, within gene TYR (ID: 280951) was associated with decreasing FCR. 

Polymorphisms in gene TYR have been associated with changing the coat colour of 

Braunvieh cattle (Schmutz et al., 2004). Gene GALNT13, affecting ADG, MMWT, DMI, 

F2, GRF, HCW, REA, UGY, and F3, was involved in mucin type O-Glycan biosynthesis. 

Gene ATP6V1E2 (ID: 540113), which affects DMI and MMWT, plays an important role 

in various pathways and biological mechanisms. Gene ATP6V1E2 is near identified QTL 
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for mycobacterium avium spp. Paratuberculosis resistance in Holstein cattle (Pant et al., 

2010). Gene GTF2F2 (ID: 509259) gene affected RFI and is involved in basal 

transcription factors pathways, which regulate glucose, amino acids and protein, lipid 

metabolism and many other important metabolic processes. Indicating changes in their 

function would be associated with efficiency or metabolic diseases (Desvergne et al., 

2006). The minor allele of a newly discovered SNP (6: 37386084), within gene ABCG2 

(ID: 536203), was associated with decreasing RFI, IFR, and marbling, and increased 

MMWT and HCW. The functional analysis showed that gene ABCG2 is involved in 

ATP-binding cassette (ABC) transporters and bile secretion pathways. The results of 

gene ABCG2 in the current study agree with reported gene ABCG2 as QTL for increasing 

milk yield and decreasing milk fat and protein (Cohen-Zinder et al., 2005; Olsen et al., 

2007; Seroussi et al., 2009). The analysis also indicated that insulin-like growth factor 1 

receptor gene IGF1R (ID: 281848) affecting ADG and marbling is involved in seven 

different pathways. Nonetheless, there was no association between production traits and 

the genotypes of IGF-IR/TaqI polymorphism (Curi et al., 2005; Akis et al., 2010; Zhang 

and Li 2011). This might because a small number of animals was used to test the 

association in these analyses. Functional analysis allows a better understanding of the 

underling mechanisms contributing to the genetic variation in feed efficiency, and it 

sheds light on potential pathways to target in future investigations.   

The accuracy of a DNA testing panel depends on the amount of genetic variation 

explained. The 98 SNP set associated with at least one feed efficiency trait included 

SNPs that did not pass the FDR threshold, although they significantly contributed 

towards building the prediction equation in GWAS (Lango Allen et al., 2010). The 98 
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SNP set explained 18.1% of the phenotypic variance in RFI, which is more than the 

proportion explained by the set of 339 SNPs. The correlation between EBVs or adjusted 

phenotypes of RFI using ASReml and GEBV from the 98 SNP set was moderate (0.45). 

Based on the proportion of the phenotypic variance explained by the 98 SNPs (18.1%), 

the corresponding Beef Improvement Federation (BIF) accuracy is 0.127, which is better 

than the BIF accuracy (0.01) for genetic evaluations of animals that have no progeny 

data. To improve the accuracy of the SNP panel developed from a crossbred population, a 

large number of phenotypes is required (~2000 animals) (Goddard et al., 2010). This 

might partially explain the estimated accuracy in the current study. In addition, large 

numbers of identified genes (83 out of 180) from Chapter 6 were genotyped for only one 

SNP, and that decreases the probability of detecting the functional mutations. 

Nonetheless, combing validated SNPs in Chapter 6 and the identified 98 SNPs may help 

develop a DNA test panel for commercial use. 

7.6. Conclusion 

This study reported SNPs that are significantly associated with RFI, performance, 

and carcass traits. SNPs are located in genes involved in biological mechanisms and 

could be the direct cause of the variations in feed efficiency traits. Identifying additional 

new SNPs within these genes is required to further investigate and identify the causal 

mutations. 
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Table 7.1.  Descriptive statistics (mean, SD, min and max) in feedlot beef cattle for 

feed efficiency, performance and carcass traits 
Trait1 No Mean SD Min Max 

Feed efficiency traits:  

Average daily gain (ADG), kg d-1 726 1.696 0.385 0.71 3.296 

Mid-test metabolic weight (MMWT), kg 726 92.39 11.70 53.25 128.1 

Daily dry matter intake (DMI), kg d-1 726 9.81 1.76 4.176 15.54 

Residual feed intake (RFI), kg d-1 726 -0.066 1.126 -3.70 3.35 

Feed conversion ratio (FCR), kg gain kg-1 DM 726 6.094 1.87 3.106 16.76 

      

Carcass traits:      

Hot carcass weight (HCW), kg 959 353.7 52.47 208 503 

longissimus dorsi muscle area (REA), cm2 848 94.34 14.61 59.35 138.4 

Lean meat within the rib section (LR), % 664 54.55 6.79 25.0 75.19 

University of Guelph lean yield grade (UGY), % 846 60.1 2.78 51.0 65.0 

Canada's Yield Grades 929 59.74 3.089 50.0 65.00 

Fat1 (F1), mm 850 13.42 5.62 1.0 30.0 

Fat2 (F2), mm 850 15.70 6.49 1.0 36.0 

Fat3 (F3), mm 847 9.60 3.66 1.0 22.0 

Grade fate (GRF), mm  846 8.82 3.25 1.0 19.0 

Intermuscular fat (IFR),  % 687 10.087 3.22 1.2 20.51 

Body cavity fat within the rib section (BFR), % 684 3.476 1.244 0.962 7.296 

Proportion of subcutaneous fat from the rib section 

(SQFR), % 
685 10.30 2.60 2.44 18.53 

Total fat of rib (TFR), % 958 0.1653 0.059 0.04 0.420 

Marbling score, b % 851 4.897 0.734 3.0 6.0 
 

1 F1, subcutaneous fat depth between the 1st and 2nd quarter of the Ribeye muscle; F2, subcutaneous fat 

depth between 2nd and 3rd quarter of the longissimus dorsi muscle; F3, subcutaneous fat depth between the 

3rd and 4th quarter of the longissimus dorsi muscle; total fat of rib (%), calculated as the sum of the % of 

subcutaneous fat, the % of intermuscular fat, and the % of body fat within the rib section. 
2 No. = Number of animals’ phenotypes and genotypes for testing the association. 
b Marbling was scored as ≤3.0 = devoid; 3.1 to 4.0 = traces; 4.1 to 5.9 = slight; 6.0 to 7.0 = small to 

moderate; and ≥7.0 = slightly abundant to abundant. 
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Table 7.2.  The heritability estimates (h
2
) ± standard error (SE) for growth and feed 

efficiency related traits in crossbred beef cattle. 

Trait No h2± SE 

Average daily gain, kg d-1 726 0.35 ±  0.12 

Mid-test metabolic weight, kg 726 0.48 ± 0.13 

Daily dry matter intake, kg d-1 726 0.42 ± 0.17 

Residual feed intake, kg d-1 726 0.19 ± 0.11 

Feed conversion ratio, kg gainkg-1 DM 726 0.25 ± 0.13 
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Table 7.3. Significant and suggestive SNP based on false discovery rate (FDR) q 

threshold of 0.05 and 0.2 for feed efficiency traits using single locus 

regression model (SLRM) on 339 SNPs 

*  is a significant SNP after adjusting for chromosome-wise 5% false discovery rate 
& is a suggestive SNP after adjusting for chromosome-wise 20% false discovery rate 

Trait Gene_ID BTA Ref_SNPs BPPos MAF Alleles n B±SE P_value 

ADG 523789 3 rs42417924 75523597 0.102 C/G 726 -0.062±0.02 0.0104& 

DMI 616055 5 . 119557146 0.370 T/C 720 -0.237±0.08 0.0023* 

DMI 616055 5 . 119551668 0.370 A/G 726 -0.234±0.08 0.0025* 

MMWT 616908 6 rs41574929 36099801 0.388 T/G 716 0.992±0.40 0.0132& 

MMWT 536203 6 . 37386084 0.160 A/G 725 1.293±0.53 0.0148& 

MMWT 540329 6 . 37288379 0.152 T/C 726 1.342±0.54 0.0128& 

ADG 616908 6 rs41574929 36099801 0.388 T/G 716 0.049±0.01 0.0009* 

MMWT 530393 6 rs43702346 37439120 0.272 T/G 723 1.421±0.43 0.0009* 

DMI 784720 8 . 10674426 0.041 A/G 726 0.620±0.18 0.0006* 

RFI 784720 8 . 10674426 0.041 A/G 726 0.483±0.15 0.0017* 

MMWT 614507 10 . 79315960 0.364 T/C 718 0.933±0.39 0.0176& 

MMWT 282689 10 . 50259055 0.046 A/G 726 2.184±0.89 0.015& 

MMWT 282689 10 . 50256553 0.197 T/C 725 -1.210±0.48 0.01& 

RFI 533166 15 . 30717928 0.207 T/C 726 -0.201±0.07 0.007& 

RFI 533166 15 rs41755948 30710940 0.207 T/C 726 -0.201±0.07 0.007& 

RFI 521326 16 rs41820824 64950387 0.012 A/G 726 0.785±0.29 0.0064* 

RFI 521326 16 rs41821600 64875340 0.037 A/T 726 0.496±0.17 0.0033* 

RFI 508025 18 . 17150858 0.365 T/C 723 0.191±0.06 0.0028* 

FCR 282411 19 rs41914675 37278418 0.072 A/G 726 0.278±0.10 0.004& 

RFI 282411 19 rs41914675 37278418 0.072 A/G 726 0.342±0.12 0.004& 

DMI 282411 19 rs41914675 37278418 0.072 A/G 726 0.462±0.14 0.0008* 

RFI 524684 21 rs43020769 29060759 0.478 A/G 726 0.172±0.07 0.009& 

RFI 524684 21 rs43020736 29054823 0.371 T/C 726 -0.162±0.07 0.016& 

DMI 524684 21 rs43020736 29054823 0.371 T/C 726 -0.248±0.08 0.0018* 

MMWT 532512 25 . 36279504 0.020 T/C 726 3.099±1.31 0.018& 

MMWT 532512 25 . 36278405 0.110 T/C 719 1.555±0.63 0.014& 

MMWT 515895 27 . 39798548 0.080 A/G 726 -2.298±0.71 0.0013* 

DMI 508697 28 . 7727734 0.426 A/G 726 -0.211±0.08 0.0067* 

RFI 508697 28 . 7727734 0.426 A/G 726 -0.183±0.07 0.005* 

RFI 780878 28 . 13580673 0.187 T/A 726 -0.208±0.08 0.009* 
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Table 7.4. Allele substitution effect estimates of SNPs influencing (P≤ 0.05) growth and 

efficiency traits, and not passed false discovery rate (FDR) threshold q=0.2 
Trait Gene ID BTA1 Accession No. BPPos2 MAF Alleles n Estimate±SE P_value 

MMWT 782861 1 rs42635788 140547870 0.107 T/C 726 1.272±0.62 0.0390 

DMI 782861 1 rs42635788 140547870 0.107 T/C 726 0.238±0.12 0.0455 

DMI 534774 1 rs43277176 144206608 0.028 A/G 726 0.529±0.22 0.0153 

RFI 512925 1 . 147646372 0.016 A/G 724 0.644±0.25 0.0096 

MMWT 618639 1 rs41629678 160274439 0.300 A/G 726 0.899±0.43 0.0391 

MMWT 532545 2 rs43307594 43392336 0.374 A/G 726 -0.771±0.38 0.0425 

FCR 617222 2 . 71099834 0.357 A/G 726 -0.106±0.05 0.0467 

RFI 510792 2 rs41256310 140267413 0.309 T/C 702 0.164±0.07 0.0170 

MMWT 100125578 4 rs42317715 83289828 0.346 T/C 726 -0.897±0.42 0.0310 

MMWT 616055 5 . 119551668 0.370 A/G 726 -0.882±0.40 0.0289 

RFI 616055 5 . 119551668 0.370 A/G 726 -0.134±0.07 0.0425 

MMWT 616055 5 . 119557146 0.370 T/C 720 -0.897±0.40 0.0256 

RFI 616055 5 . 119557146 0.370 T/C 720 -0.135±0.07 0.0416 

RFI 540329 6 . 37288379 0.152 T/C 726 -0.245±0.09 0.0059 

FCR 540329 6 . 37288379 0.152 T/C 726 -0.150±0.07 0.0386 

RFI 536203 6 . 37386084 0.160 A/G 725 -0.223±0.09 0.0104 

ADG 530393 6 rs29010895 37433107 0.450 T/C 724 -0.028±0.01 0.0404 

ADG 530393 6 rs29010894 37433382 0.129 A/G 725 -0.047±0.02 0.0268 

ADG 530393 6 rs43702346 37439120 0.272 T/G 723 0.041±0.02 0.0093 

RFI 614299 6 rs43461636 41420270 0.193 T/G 726 -0.176±0.08 0.0255 

DMI 614299 6 rs43461636 41420270 0.193 T/G 726 -0.199±0.09 0.0314 

RFI 508527 6 rs41257208 113405259 0.500 T/C 716 -0.134±0.06 0.0343 

DMI 282032 7 rs43529542 88162813 0.206 T/G 710 -0.182±0.09 0.0396 

ADG 541122 9 rs43593167 33873661 0.484 T/C 726 0.033±0.01 0.0203 

FCR 541122 9 rs43593167 33873661 0.484 T/C 726 -0.117±0.05 0.0220 

ADG 509227 9 rs43594372 36395767 0.065 C/G 718 -0.091±0.05 0.0482 

DMI 282689 10 . 50256553 0.197 T/C 725 -0.192±0.09 0.0368 

MMWT 504429 11 . 438485 0.114 T/C 725 1.534±0.62 0.0131 

DMI 281701 11 rs43657898 3897926 0.394 T/A 725 0.166±0.07 0.0266 

RFI 281701 11 rs43657898 3897926 0.394 T/A 725 0.128±0.06 0.0459 

DMI 540113 11 rs43673198 30073244 0.323 T/C 724 -0.190±0.08 0.0169 

MMWT 540113 11 rs43673198 30073244 0.323 T/C 724 -0.835±0.41 0.0428 

MMWT 281712 11 . 90769449 0.225 A/G 726 -1.061±0.46 0.0225 

RFI 509259 12 . 14292116 0.208 T/C 723 0.174±0.08 0.0287 

MMWT 509602 12 . 76889667 0.423 T/C 724 0.998±0.40 0.0130 

RFI 508997 13 . 66447310 0.090 A/G 726 -0.256±0.11 0.0192 
1 BTA is bovine autosomal chromosome; 2 BPPos is the SNP’s position in a base pair - average daily gain 

(ADG), kg d-1, average daily dry matter intake (DMI), kg d-1, mid-point metabolic weight (MMWT), kg75, 

feed efficiency conversion ratio (FCR), kg gainkg-1 DM and residual feed intake (RFI) kg d-1 
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Table 7.4. (Contd) 

Trait Gene ID BTA Accession No. BPPos MAF Alleles No Estimate±SE 
P 

value 

ADG 512125 14 . 854850 0.014 T/C 725 -0.145±0.06 0.015 

MMWT 512125 14 . 854850 0.014 T/C 725 -3.382±1.63 0.039 

DMI 539858 14 . 21292685 0.084 T/C 726 -0.278±0.14 0.044 

DMI 512287 15 rs41745621 4387526 0.202 T/C 724 -0.207±0.09 0.029 

MMWT 538198 15 rs42544329 7485798 0.320 A/C 726 0.883±0.42 0.036 

MMWT 539898 15 rs41761878 40834896 0.034 A/G 726 -2.697±1.00 0.007 

ADG 539898 15 rs41761878 40834896 0.034 A/G 726 -0.076±0.04 0.041 

ADG 509065 16 rs42573278 61118324 0.406 C/G 724 -0.032±0.01 0.025 

ADG 509065 16 . 61134593 0.307 T/C 726 0.030±0.02 0.048 

ADG 100048947 16 rs41816116 61149297 0.402 T/C 725 -0.035±0.01 0.013 

FCR 100048947 16 rs41816116 61149297 0.402 T/C 725 0.109±0.05 0.034 

FCR 100048947 16 rs41816109 61150030 0.159 A/G 725 -0.180±0.07 0.009 

RFI 100048947 16 rs41816109 61150030 0.159 A/G 725 -0.165±0.08 0.050 

ADG 100048947 16 rs41817045 61164094 0.325 T/C 724 0.030±0.01 0.037 

MMWT 517336 17 . 61968812 0.094 A/G 726 1.360±0.64 0.033 

RFI 282044 17 . 64638680 0.023 T/C 701 0.451±0.22 0.037 

FCR 515798 17 . 67567014 0.056 A/G 726 -0.231±0.11 0.036 

DMI 508025 18 . 17150858 0.365 T/C 723 0.190±0.07 0.011 

DMI 538236 20 . 18134996 0.032 A/C 724 -0.529±0.21 0.012 

RFI 538236 20 . 18134996 0.032 A/C 724 -0.354±0.18 0.047 

ADG 281848 21 rs41640706 6837987 0.206 A/G 725 0.045±0.02 0.011 

MMWT 524684 21 rs43020736 29054823 0.371 T/C 726 -0.895±0.41 0.030 

RFI 540474 22 . 18445791 0.032 A/G 726 -0.383±0.18 0.030 

DMI 513865 25 . 18160430 0.413 T/C 726 -0.167±0.07 0.026 

RFI 532512 25 . 36280779 0.043 A/G 725 -0.350±0.16 0.025 

FCR 532512 25 . 36280779 0.043 A/G 725 -0.251±0.13 0.048 

FCR 540050 26 rs42106947 37495213 0.489 A/G 724 -0.115±0.05 0.024 

MMWT 518905 27 . 39712547 0.019 A/G 726 -3.305±1.53 0.031 

FCR 515895 27 . 39797124 0.299 A/G 726 0.115±0.05 0.037 

ADG 515895 27 . 39798548 0.080 A/G 726 -0.053±0.03 0.045 

FCR 280951 29 rs42402428 6536508 0.266 A/G 726 -0.125±0.06 0.046 

ADG 529124 29 . 33841235 0.217 A/G 726 -0.038±0.02 0.026 

MMWT 522469 29 rs42191286 45026217 0.352 A/G 721 0.868±0.42 0.040 

MMWT 522469 29 rs42191288 45026658 0.353 A/G 726 0.873±0.42 0.038 
1 BTA is bovine autosomal chromosome; 2 BPPos is the SNPs position in a base pair, - average daily gain 

(ADG), kg d-1, average daily dry matter intake (DMI), kg d-1, mid-point metabolic weight (MMWT), kg75, 

feed efficiency conversion ratio (FCR), kg gainkg-1 DM and residual feed intake (RFI) kg d-1 
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Table 7.5. The association analysis using the genotypic model for growth and feed 

efficiency traits 

Trait Gene ID BTA1 BPPos2 Alleles P value Trait 
Gene 

ID 
BTA1 BPPos2 Alleles 

P 

value 

DMI 534774 1 144206608 A/G 0.033 DMI 282593 6 105503534 A/G 0.016 

RFI 534774 1 144206608 A/G 0.039 RFI 508527 6 113405259 T/C 0.034 

DMI 512925 1 147649262 A/G 0.024 ADG 508527 6 113428831 A/C 0.001 

MMWT 512925 1 147649262 A/G 0.028 MMWT 508527 6 113428831 A/C 0.004 

ADG 512925 1 147649262 A/G 0.045 DMI 508527 6 113428831 A/C 0.024 

MMWT 512925 1 147652833 T/C 0.009 DMI 784720 8 10674426 A/G 0.003 

DMI 512925 1 147652833 T/C 0.016 RFI 784720 8 10674426 A/G 0.017 

ADG 512925 1 147652833 T/C 0.04 MMWT 338082 8 70576202 T/C 0.037 

MMWT 512925 1 147660060 G/C 0.043 ADG 509227 9 36395767 C/G 0.017 

ADG 512925 1 147660060 G/C 0.045 FCR 509227 9 36395767 C/G 0.024 

ADG 510240 1 147770994 T/C 0.02 DMI 777771 10 13104139 A/C 0.007 

DMI 510240 1 147771250 T/C 0.01 DMI 282689 10 50256553 T/C 0.002 

ADG 510240 1 147771250 T/C 0.028 ADG 282689 10 50256553 T/C 0.012 

MMWT 618639 1 160274439 A/G 0.032 MMWT 282689 10 50256553 T/C 0.026 

DMI 618639 1 160274439 A/G 0.05 MMWT 282689 10 50259055 A/G 0.04 

FCR 281187 2 6537568 A/G 0.038 MMWT 614507 10 79315960 T/C 0.003 

MMWT 532545 2 43392336 A/G 0.021 RFI 281701 11 3897926 T/A 0.042 

ADG 532545 2 43392336 A/G 0.04 ADG 768009 11 30036087 T/C 0.041 

DMI 532545 2 43392336 A/G 0.049 ADG 529759 11 81005514 A/G 0.045 

ADG 523789 3 75523597 C/G 0.006 FCR 282124 11 83103068 C/G 0.014 

DMI 497208 4 31837473 T/A 0.037 RFI 282124 11 83103068 C/G 0.047 

DMI 616055 5 119551668 A/G 0.001 FCR 537649 12 13002931 A/C 0.01 

RFI 616055 5 119551668 A/G 0.001 RFI 537649 12 13002931 A/C 0.03 

FCR 616055 5 119551668 A/G 0.03 MMWT 512125 14 853459 A/G 0.049 

DMI 616055 5 119557146 T/C 0.001 ADG 512125 14 854850 T/C 0.05 

RFI 616055 5 119557146 T/C 0.001 RFI 539858 14 21292685 T/C 0.02 

FCR 616055 5 119557146 T/C 0.028 ADG 533815 14 63873066 T/C 0.03 

RFI 534109 5 119617611 T/C 0.007 MMWT 533815 14 63958780 A/G 0.003 

ADG 616908 6 36099801 T/G 0.004 FCR 533815 14 63958780 A/G 0.015 

MMWT 616908 6 36099801 T/G 0.033 FCR 538996 15 33741493 C/G 0.017 

RFI 540329 6 37288379 T/C 0.013 RFI 538996 15 33741493 C/G 0.038 

RFI 536203 6 37386084 A/G 0.021 MMWT 539898 15 40834896 A/G 0.023 

MMWT 530393 6 37439120 T/G 0.008 DMI 281665 15 45857942 A/G 0.002 

ADG 530393 6 37439120 T/G 0.035 RFI 281665 15 45857942 A/G 0.005 

ADG 537096 6 103518851 A/G 0.01 FCR 281665 15 45857942 A/G 0.048 
1 BTA is bovine autosomal chromosome; 2 BPPos is the SNP’s position in a base pair - average daily gain 

(ADG), kg d-1, average daily dry matter intake (DMI), kg d-1, mid-point metabolic weight (MMWT), kg75, 

feed efficiency conversion ratio (FCR), kg gainkg-1 DM and residual feed intake (RFI) kg d-1 
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Table 7.5. (Contd) 

Trait Gene ID BTA1 BPPos2 SNP P value 

DMI 281665 15 45858212 A/C 0.011 

RFI 281665 15 45858212 A/C 0.024 

DMI 281665 15 45859002 T/G 0.009 

FCR 100048947 16 61150030 A/G 0.05 

FCR 515798 17 67567014 A/G 0.034 

DMI 508025 18 17150858 T/C 0.001 

MMWT 508025 18 17150858 T/C 0.001 

RFI 508025 18 17150858 T/C 0.016 

FCR 511955 19 22781519 G/C 0.035 

FCR 511955 19 22784543 A/G 0.028 

RFI 282411 19 37278418 A/G 0.001 

DMI 282411 19 37278418 A/G 0.001 

FCR 282411 19 37278418 A/G 0.002 

DMI 538236 20 18134996 A/C 0.009 

RFI 538236 20 18134996 A/C 0.01 

RFI 538366 20 26211506 T/C 0.038 

ADG 540672 20 54577104 A/G 0.003 

ADG 281848 21 6837987 A/G 0.024 

ADG 535692 21 21460288 A/G 0.037 

DMI 524684 21 29054823 T/C 0.005 

RFI 524684 21 29054823 T/C 0.013 

RFI 524684 21 29060759 A/G 0.01 

MMWT 512725 23 32193919 A/G 0.01 

FCR 513865 25 18160430 T/C 0.021 

RFI 513865 25 18160430 T/C 0.042 

MMWT 532512 25 36279504 T/C 0.04 

RFI 532512 25 36280779 A/G 0.045 

FCR 532512 25 36280779 A/G 0.048 

ADG 527312 26 42455256 A/G 0.011 

RFI 518905 27 39667691 A/G 0.028 

FCR 518905 27 39667691 A/G 0.031 

FCR 518905 27 39668686 C/G 0.002 

RFI 518905 27 39668686 C/G 0.046 

MMWT 515895 27 39798548 A/G 0.019 

DMI 508697 28 7727734 A/G 0.028 

MMWT 522469 29 45026217 A/G 0.014 

MMWT 522469 29 45026658 A/G 0.017 
1 BTA is bovine autosomal chromosome; 2 BPPos is the SNP’s position in a base pair, average daily gain 

(ADG), kg d-1, average daily dry matter intake (DMI), kg d-1, mid-point metabolic weight (MMWT), kg75, 

feed efficiency conversion ratio (FCR), kg gainkg-1 DM and residual feed intake (RFI) kg d-1 
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Table 7.6. Allele substitution effect estimates of SNPs on chromosomes 1, 2, 3, 4, 5 

and 6 with beef carcass traits 

Trait Gene_ID BTA Ref_SNPs BPPos MAF No Estimate±SE P value 

IFR 539020 1 rs43246339 81372644 0.167 687 -0.622±0.172 0.0003* 

LR 539020 1 rs43246339 81372644 0.165 664 1.151±0.266 0.00002* 

F3 614882 2 rs43287969 1280728 0.333 802 0.38±0.159 0.017& 

GRF 614882 2 rs43287969 1280728 0.333 801 0.349±0.145 0.016& 

IFR 614882 2 rs43287969 1280728 0.329 648 0.404±0.143 0.005* 

UGY 614882 2 rs43287964 1284105 0.266 834 0.349±0.135 0.010& 

F2 521834 2 . 28200126 0.162 850 0.864±0.384 0.025& 

GRF 521834 2 . 28200126 0.163 846 0.451±0.182 0.013& 

UGY 521834 2 . 28200126 0.163 846 -0.338±0.156 0.032& 

REAcm 317777 2 . 37737955 0.327 846 -1.527±0.652 0.02& 

F2 532545 2 rs43307594 43392336 0.378 850 0.743±0.287 0.0099& 

GRF 532545 2 rs43307594 43392336 0.376 846 0.404±0.137 0.003& 

HCW 532545 2 rs43307594 43392336 0.380 959 -4.59±1.842 0.013& 

REA 532545 2 rs43307594 43392336 0.379 848 -1.374±0.614 0.026& 

UGY 532545 2 rs43307594 43392336 0.376 846 -0.275±0.117 0.019& 

F3 532545 2 rs43307594 43392336 0.379 847 0.473±0.15 0.0016* 

IFR 538378 2 rs42315485 58475918 0.035 687 -0.968±0.355 0.0065* 

IFR 530171 2 rs43316327 138812365 0.105 686 -0.459±0.212 0.030& 

IFR 510792 2 rs43332853 140254288 0.224 686 -0.343±0.157 0.029& 

Marbling 522946 3 . 2555332 0.445 851 -0.097±0.028 0.00066* 

Marbling 522946 3 . 2557106 0.379 837 -0.092±0.031 0.003* 

REA 532836 4 rs41599809 96565402 0.107 848 3.08±0.975 0.0016* 

REA 532836 4 . 96570062 0.370 848 -1.807±0.617 0.0035* 

Marbling 538086 5 . 50301829 0.414 851 -0.091±0.03 0.0025* 

IFR 503621 6 . 32016672 0.131 687 0.625±0.191 0.001* 

HCW 616908 6 rs41574929 36099801 0.397 949 5.277±1.916 0.006* 

HCW 540329 6 . 37288379 0.162 959 7.16±2.468 0.0038* 

IFR 540329 6 . 37288379 0.140 687 -0.535±0.178 0.0028* 

Marbling 540329 6 . 37288379 0.166 851 -0.117±0.038 0.002* 

HCW 536203 6 . 37386084 0.170 957 5.857±2.415 0.016& 

IFR 536203 6 . 37386084 0.152 685 -0.511±0.172 0.003* 

Marbling 536203 6 . 37386084 0.174 850 -0.121±0.037 0.001* 
*  is a significant SNP after adjusting for chromosome-wise 5% false discovery rate 
& is a suggestive SNP after adjusting for chromosome-wise 20% false discovery rate 
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Table 7.7. Allele substitution effect estimates of SNPs on chromosomes 3, 4, 5, 6, 7, 

8, 9, 11and 12 with beef carcass traits 

Trait Gene_ID BTA Ref_SNPs BPPos MAF No Estimate±SE P value 

HCW 530393 6 rs29010895 37433107 0.431 955 -4.108±1.81 0.02& 

HCW 530393 6 rs29010894 37433382 0.124 958 -7.542±2.706 0.005* 

HCW 530393 6 rs43702346 37439120 0.287 956 4.854±2.003 0.016& 

Marbling 530393 6 rs43702346 37439120 0.290 848 -0.085±0.032 0.007& 

IFR 530393 6 rs43702346 37439120 0.276 684 -0.393±0.14 0.005* 

HCW 537096 6 rs43708510 103627410 0.461 958 -4.375±1.852 0.018& 

IFR 616568 7 . 10135670 0.124 660 -0.413±0.2 0.0395& 

SQFR 616568 7 . 10135670 0.125 658 -0.457±0.175 0.009& 

GRF 616568 7 . 10135670 0.130 819 -0.572±0.206 0.0056* 

SQF 616568 7 . 10135670 0.129 928 -0.022±0.008 0.004* 

Fat3 541122 9 rs43013785 33837458 0.487 841 0.431±0.148 0.004* 

IFR 529759 11 . 80982741 0.066 687 0.928±0.28 0.00097* 

Marbling 537649 12 rs42420659 13010703 0.390 851 -0.074±0.029 0.012& 

F3 537649 12 . 13011713 0.293 847 0.443±0.171 0.0097* 

Marbling 537649 12 . 13011713 0.294 851 0.125±0.033 0.0002* 

Marbling 535653 12 rs43694364 15748029 0.484 850 0.066±0.03 0.026& 

IFR 535653 12 rs43694364 15748029 0.483 687 0.379±0.131 0.0039* 

SQFR 784362 12 rs41648264 53293568 0.395 622 0.339±0.128 0.008& 

Marbling 784362 12 . 53305595 0.015 851 -0.307±0.122 0.012& 

ACY 509602 12 . 76885563 0.415 928 -0.314±0.126 0.013& 

F3 509602 12 . 76885563 0.411 846 0.431±0.15 0.004* 

GRF 509602 12 . 76885563 0.411 845 0.409±0.137 0.0029* 

LR 509602 12 . 76885563 0.425 663 -0.584±0.201 0.0037* 

ACY 509602 12 . 76889667 0.409 928 0.34±0.13 0.0088& 

Marbling 509602 12 . 76889667 0.417 850 -0.068±0.03 0.0226& 

REA 509602 12 . 76889667 0.417 847 1.851±0.631 0.0035& 

UGY 509602 12 . 76889667 0.417 845 0.327±0.12 0.006& 

F3 509602 12 . 76889667 0.417 846 -0.439±0.153 0.004* 

GRF 509602 12 . 76889667 0.418 845 -0.381±0.14 0.0065* 

IFR 509602 12 . 76889667 0.413 686 -0.503±0.135 0.0002* 

LYR 509602 12 . 76889667 0.413 663 0.748±0.208 0.0003* 

SQFR 509602 12 . 76889667 0.414 684 -0.355±0.119 0.003* 
*  is a significant SNP after adjusting for chromosome-wise 5% false discovery rate 
& is a suggestive SNP after adjusting for chromosome-wise 20% false discovery rate 
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Table 7.8 Allele substitution effect estimates of SNPs on chromosomes 14, 15, 16, 

19, 20, 21, 22, 23, 24, 25, 26, 27, 28 and 29 with beef carcass traits 

Trait Gene_ID BTA Ref_SNPs BPPos MAF No Estimate±SE P value 

F2 539858 14 . 21292685 0.082 850 -1.473±0.541 0.0066& 

Fat2 539858 14 . 21298275 0.166 850 0.94±0.395 0.018& 

UGY 539858 14 . 21298275 0.167 846 -0.447±0.16 0.005& 

ACY 539858 14 . 21298275 0.153 929 -0.635±0.177 0.00036* 

HCW 533815 14 . 63873066 0.439 957 -5.316±1.903 0.005& 

GRF 512287 15 . 4101726 0.098 842 0.694±0.234 0.003& 

F3 512287 15 . 4101726 0.099 843 0.865±0.254 0.00068* 

GRF 616182 15 . 34441523 0.037 846 1.014±0.351 0.0039& 

Fat1 521326 16 rs41821600 64875340 0.038 849 -2.099±0.627 0.00085* 

REA 507056 19 . 53192180 0.244 848 -1.998±0.715 0.005& 

F2 540672 20 rs43006895 54577104 0.478 850 0.904±0.287 0.0017* 

Marbling 540672 20 rs43006895 54577104 0.479 851 0.1±0.029 0.0006* 

Marbling 281848 21 . 6855050 0.071 851 -0.151±0.057 0.008& 

BFR 534312 21 rs41980260 33909131 0.282 683 -0.162±0.057 0.0049* 

BFR 534312 21 rs41980261 33909583 0.282 684 -0.151±0.057 0.008* 

ACY 508881 22 . 6966417 0.250 926 -0.402±0.144 0.005* 

F2 540474 22 . 18445791 0.033 850 1.962±0.795 0.014& 

REA 512725 23 . 32192762 0.488 848 1.609±0.611 0.0086* 

REA 512725 23 . 32207295 0.283 848 1.84±0.703 0.009* 

REA 504741 24 rs42047790 36412358 0.445 848 2.087±0.625 0.0009* 

BFR 505622 25 rs42690130 30943998 0.382 683 0.139±0.054 0.01& 

BFR 532512 25 . 36279504 0.021 684 0.392±0.177 0.027& 

REA 540050 26 rs42106947 37495213 0.488 848 -1.766±0.611 0.004* 

F1 518905 27 . 39667691 0.104 849 -1.046±0.396 0.008& 

BFR 518905 27 . 39712547 0.015 684 0.714±0.231 0.002* 

REA 515895 27 . 39797124 0.298 848 1.511±0.663 0.023& 

LR 515895 27 . 39798548 0.077 664 -0.918±0.363 0.012& 

REA 515895 27 . 39798548 0.077 848 -2.862±1.151 0.013& 

UGY 515895 27 . 39798548 0.076 846 -0.55±0.22 0.013& 

ACY 515895 27 . 39798548 0.078 929 -0.673±0.233 0.004* 

IFR 515895 27 . 39798548 0.076 687 0.654±0.237 0.006* 

SQFR 515895 27 . 39798548 0.077 685 0.569±0.208 0.006* 

F3 508697 28 rs42136718 7753675 0.293 847 0.403±0.164 0.01& 

SQF 529124 29 . 33841235 0.210 955 -0.017±0.006 0.004& 
*  is a significant SNP after adjusting for chromosome-wise 5% false discovery rate 
& is a suggestive SNP after adjusting for chromosome-wise 20% false discovery rate 

 



211 

 

Table 7.9. Biological processes for 39 genes with significant SNPs for feed efficiency 

traits  
Biological process No P value‡ Genes 

Ion transport 8 0.006 618639, 518905, 281701, 530393, 

540113, 510792, 282411, 614299 

Cation transport 7 0.004 618639, 518905, 530393, 540113, 

510792, 282411, 614299 

Phosphorus metabolic process 7 0.057 504429, 533815, 540329, 540113, 

100048947, 281848, 512125 

Phosphorylation 6 0.072 504429, 533815, 540113, 100048947, 

281848, 512125 

Metal ion transport 5 0.034 618639, 518905, 530393, 282411, 

614299 

Regulation of transcription 5 0.762 517336, 509259, 529124, 540474, 

784720 

Protein amino acid phosphorylation 5 0.126 504429, 533815, 100048947, 281848, 

512125 

Monovalent inorganic cation transport 4 0.060 618639, 518905, 540113, 614299 

Regulation of transcription, DNA-dependent 4 0.722 517336, 529124, 540474, 784720 

Transmembrane transport 4 0.236 512725, 281701, 540113, 282411 

Proteolysis 3 0.756 617222, 524684, 534774 

Intracellular signalling cascade 3 0.643 530393, 614507, 281848 

Regulation of transcription from RNA 

polymerase II promoter 
3 0.290 517336, 540474, 784720 

Transcription 3 0.636 509259, 529124, 784720 

RNA processing 3 0.320 100048947, 512925, 281712 

Potassium ion transport 2 0.359 618639, 614299 

Nucleobase, nucleoside, nucleotide and 

nucleic acid biosynthetic process 
2 0.497 540113, 510792 

Calcium ion transport 2 0.279 530393, 282411 

Regulation of homeostatic process 2 0.152 530393, 282411 

Response to abiotic stimulus 2 0.448 509602, 530393 

Negative regulation of programmed cell death 2 0.476 509602, 282032 

Protein complex biogenesis 2 0.545 509259, 281848 

Determination of symmetry 2 0.067 497208, 530393 

Microtubule-based process 2 0.441 497208, 512287 

Blood vessel morphogenesis 2 0.351 282689, 282032 

Protein transport 2 0.833 282044, 614507 

Protein amino acid autophosphorylation 2 0.130 281848, 512125 

Neurological system process 2 0.679 281701, 538198 

Oxidation reduction 2 0.899 280951, 532512 

mNRA metabolic process 2 0.495 100048947, 281712 

Cell-cell adhesion 1 1.000 540672 

Protein amino acid glycosylation 1 1.000 532545 

Muscle cell development 1 1.000 529759 

Amino acid transport 1 1.000 511955 
‡ P value is the probability that the genes are involved in the given biological process 
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Table 7.10. The pathways for 14 out of 74 genes containing significant SNPs for one 

feed efficiency trait 

Pathway Genes 

bta04010: MAPK signalling pathway 282032 (RASA1), 282411 (CACNA1G), 533815 (STK3) 

bta01100: Metabolic pathways 280951 (TYR), 532545 (GALNT13), 540113 (ATP6V1E2) 

bta04930: Type II diabetes mellitus 282411 (CACNA1G), 538996 (ABCC8) 

bta04145: Phagosome 512287 (LOC512287), 540113 (ATP6V1E2) 

bta02010: ABC transporters 536203 (ABCG2), 538996 (ABCC8) 

bta04976: Bile secretion 536203 (ABCG2) 

bta03013: RNA transport 616055 (CHADL) 

bta03022: Basal transcription factors 509259 (GTF2F2) 

bta04962: Vasopressin-regulated water reabsorption 512287 (LOC512287) 

bta05132: Salmonella infection 512287 (LOC512287) 

bta04514: Cell adhesion molecules (CAMs) 529759 (SDC1) 

bta04512: ECM-receptor interaction 529759 (SDC1) 

bta05144: Malaria 529759 (SDC1) 

bta04966: Collecting duct acid secretion 540113 (ATP6V1E2) 

bta04721: Synaptic vesicle cycle 540113 (ATP6V1E2) 

bta00190: Oxidative phosphorylation 540113 (ATP6V1E2) 

bta05323: Rheumatoid arthritis 540113 (ATP6V1E2) 

bta03420: Nucleotide excision repair 509602 (ERCC5) 

bta04510: Focal adhesion 281848 (IGF1R) 

bta04114: Oocyte meiosis, bta05214: Glioma 281848 (IGF1R) 

bta05218: Melanoma, bta05200: Pathways in cancer 281848 (IGF1R) 

bta04914: Progesterone-mediated oocyte maturation 281848 (IGF1R) 

bta04520: Adherens junction 281848 (IGF1R) 

bta04730: Long-term depression,  281848 (IGF1R) 

bta04144: Endocytosis 281848 (IGF1R) 

bta00740: Riboflavin metabolism 280951 (TYR) 

bta04916: Melanogenesis 280951 (TYR) 

bta00350: Tyrosine metabolism 280951 (TYR) 

bta03015: mRNA surveillance pathway 281712 (CPSF3) 

bta03008: Ribosome biogenesis in eukaryotes 508697 (HEATR1) 

bta05010: Alzheimer's disease 534774 (BACE2) 

bta04360: Axon guidance 282032 (RASA1) 

bta04740: Olfactory transduction 281701 (CNGA3) 

bta00512: Mucin type O-Glycan biosynthesis 532545 (GALNT13) 

bta05164: Influenza A 100048947 (RNASEL) 

bta05160: Hepatitis C 100048947 RNASEL 

bta04020: Calcium signalling pathway 282411 (CACNA1G) 
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Figure 7.1. The distribution of 339 genotyped SNP across 29 chromosomes of the 

bovine genome 
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CHAPTER 8 

GENERAL DISCUSSION 

Studying feed efficiency in cattle has gone through a number of developmental 

phases, starting with philosophers in the 15
th

 century up to the 20
th

 century, as different 

branches of the biological sciences (such as heat production, the principals of food 

evaluation, energy requirement and energy expenditures and their causes) have been 

developed (Johnson et al., 2003). In the last decade, the individual differences in feed 

utilization between animals has received considerable interest in animal breeding 

programs as the maintenance requirements of breeding cattle represent 60-80% of the 

total energy cost of beef production (Ferrell and Jenkins, 1985) which is becoming more 

significant with increasing prices of feed ingredients. The extent of genetic variation in 

feed utilization between animals has been reported in many studies (Archer et al., 1998; 

Arthur et al., 2001; Schenkel et al., 2004), allowing the opportunity to select animals for 

traits. The difficulty of recording feed intake has been reported as a major limitation for 

an industry-wide selection program (Archer et al., 2004; Hebart et al., 2004; Wang et al., 

2006). A study by Wulfhorst et al. (2010) identified that, although almost half of 

commercial and seedstock producers have accepted residual feed intake (RFI) technology 

in evaluating feed efficiency, seedstock producers did not adopt feed efficiency measures 

because of the cost of testing bulls in spite of understanding the benefits of adopting RFI 

technology, particularly in the long term. Accordingly, other criteria to evaluate feed 

efficiency, such as physiological (e.g., Insulin-like growth factor) (Davis and Simmen, 

2010; Herd et al., 2004a; Lancaster et al., 2008a), DNA markers (e.g. single nucleotide 
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polymorphism (SNP) and microsatellite) (Georges, 2007; Sherman et al., 2010; Snelling 

et al. 2011; Mujibi et al., 2011) or indirect biological predictors (e.g., infrared 

thermography technology) (Montanholi et al., 2010) have been considered. Nonetheless, 

an applicable tool for selecting for feed efficiency remains a need for an industry-wide 

selection program.  

In the present work, the main goals were to study the genetic architecture of RFI 

and discover genetic markers to develop an applicable tool to select for more efficient 

animals. Studies in this work proposed different approaches to study the genetic variation 

in feed efficiency, particularly RFI. The current work was successfully able to identify 

SNPs, genes and quantitative trait loci (QTL) revealing some of the molecular basis of 

RFI. The list of genes was narrowed to a plausible number for further investigation 

employing different genomic approaches (candidate gene followed by in silico functional 

study (Chapters 3, 4 and 5), genome wide association study (GWAS) and fine-mapping, 

followed by in silico functional analysis (Chapter 6), then the candidate gene approach 

(chapter 7), Figure 8.1. 

Further investigation into regions or a particular pathway to identify causative 

mutations or quantitative trait nucleotide (QTN) is much easier with knowledge of the 

relationship between traits such as RFI and the biological effect of this region or 

pathway. Which is the best way to discover QTN? Is it the candidate gene approach or 

GWAS? Based on the studies done in this thesis, both are suitable, but how much 

variation in RFI is explained by the discovered QTN? And how much does it cost to 

discover these QTN? The candidate gene approach was suggested as it requires less 
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phenotypic data than the whole genome scan method (Dekkers, 2004). Nonetheless, 

based on the study in Chapter 6, GWAS is required to explain a large proportion of the 

variation in a complex trait such as RFI, as many genes control RFI (~ 1,000 genes).  

In this thesis, new SNPs in nine genes associated with digestive function and 

metabolic processes were discovered and tested for feed efficiency and performance traits 

using the candidate gene approach. The in silico study is an effective and cost-effective 

method to discover SNPs in candidate genes, in spite of the high false positive rate (~ 

50%), especially with the advent of overwhelming results (millions of expressed 

sequence tags (ESTs) or reads) obtained from next generation sequencing, stored in the 

public domain at Sequence Read Archive (SRA) (Shumway et al., 2010; Leinonen et al., 

2011). 

The current work is the first attempt to study the effect of genes TRYP8, CT, PTI, 

and CCRB’s polymorphisms on trypsin, amylase, total protein expression, and pancreas 

mass. However, with the small number of animals used, the results support the role of 

gene CCKBR in modulating the mass and the exocrine function of the pancreas. Also the 

results support the relationship between gene TRYP8’s polymorphisms and its expression. 

The results from the current work provide evidence that the predictability of a 

50K SNP chip across crossbred beef cattle population is low. The increase of SNP 

density in the identified regions from fine mapping study could enable to identify useful 

SNP panel to evaluate feed efficiency in beef cattle to reduce the cost of RFI testing and 

subsequently minimize methane and optimize beef production. Four SNPs from the 



217 

 

candidate gene approach (Chapters 3, 4) were implemented in a commercial panel 

distributed by Merial to select for carcass and meat quality traits. 

The application of identified SNPs and genes for predicting feed efficiency in 

beef cattle is promising, and can bring important economical and environmental benefits 

(Hegarty et al., 2007) to the beef industry. In gene TRYP8, as previously stated SNP 

rs41256901 showed a significant association with feed efficiency (RFI and FCR), 

reported in Chapter 3, and a significant decline in seam fat, without having any 

significant effect (Chapter 4) on other carcass and beef quality traits. SNP rs41256901 is 

a potential SNP for selecting the most efficient animal without affecting any other 

economic traits, such as marbling. 

The current work proposed a multitude of biological processes that contribute to 

genetic variations in RFI based on SNP markers. These mechanisms support the proposed 

use of physiological or biological markers by Herd and Arthur, (2009); Herd et al., 

(2004b); Moore et al., (2009a,b); Richardson and Herd, (2004). This thesis also provides 

detailed knowledge about these biological processes and genes associated with them. 

Thus, this knowledge offers opportunities for much investigation to further investigate 

the reported regions or genes for causative mutations. The studies in the thesis identified 

preferred genes but, technically, the identified mutations require more molecular 

investigation at the gene expression level to confirm them as the causal mutations or 

QTN. Detection of causal mutations leads to genetic markers that are in complete LD 

with QTN. Thus, the direct markers increase the power of the DNA test, where it would 

have the ability to accurately predict the genetic value of the animal. Chapters 6 and 7 
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proposed potential pathways that contribute to variations in feed efficiency. Identifying 

these biological pathways might explain part of the variation in feed efficiency explained 

by the interaction between genes. 

On the research front, in this thesis, studies represent the first attempt to discover 

genetic markers in genes associated with digestive function. Also studies incorporate 

gene ontology (the biological processes and pathways) with genetic variation in RFI. The 

approach could be used as a framework to link genetic effects with their biological 

meaning, thus opening the door for emerging disciplines such as nutrigenomics and 

metabolomics. 
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Figure 8.1 Overview of the general pattern and workflow for the development of a SNP panel containing 

quantitative trait nucleotide (QTN) or functional mutations.  
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