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Abstract 

Sustainability has recently become an area of increased focus for the beef industry. Feed 

and water intake behaviors as well as greenhouse gases are novel traits that could impact the 

sustainability of the beef industry. One of the objectives of this study was to characterize the 

number of spot samples required to accurately quantify methane, carbon dioxide, and oxygen gas 

fluxes and metabolic heat production from an individual grazing cow using an open-circuit gas 

quantification system (OCGQS). One-hundred spot samples from 17 grazing Angus beef cows 

were used to compute average gas fluxes and metabolic heat production for intervals increasing 

by 10 visits. The Pearson and Spearman correlations between the full 100 visits and each 

shortened visit interval were calculated. The recommended number of spot samples needed for 

the quantification of methane, carbon dioxide, oxygen, and metabolic heat production was 36-38, 

40, 38-40, and 36, respectively. Animals in the current study needed 29.5 to 31.8 days to meet 

the required number of visits for gas fluxes and metabolic heat production. Published literature 

recommends a similar number of spot samples, however there is a large variation in the average 

number of visits per day and thus the recommended test duration. For these reasons, protocols 

for the OCGQS should include the number of spot samples rather than a test duration.  

Another objective of this study was to estimate the genetic parameters of feed and water 

intake behaviors. The feed and water intake behavior phenotypes that were calculated include 

number of sessions (no/d), intake rate (g/s), session size (kg), time per session (s), and session 

interval (min) from 830 crossbred steers. Feeding behaviors were heritable and ranged from 0.35 

to 0.63; drinking behaviors were also heritable and ranged from 0.54 to 0.88. Phenotypic 

correlations between traits and genetic correlations with DMI or DWI ranged from low to high. 

A genome-wide association study was performed for each feeding and drinking behavior. 



  

Candidate genes and previously reported quantitative trait loci related to feed and water intake 

were identified. Results indicated that feeding and drinking behaviors are controlled by genetic 

factors and additional research in this area is needed to determine their role in genetic selection 

for improved feed and water efficiency.  
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Chapter 1- Literature Review of Methane Production from Beef 

Cattle  

 Introduction 

 Methane (CH4) is the second most abundant anthropogenic greenhouse gas (GHG) after 

carbon dioxide (U.S. EPA, 2021). In 2020, methane accounted for 11% of total U.S. greenhouse 

gas emissions (U.S. EPA, 2021). In the United States, 27.1% of methane emissions come from 

enteric fermentation of livestock species (U.S. EPA, 2021). Ruminant livestock species such as 

cattle, buffalo, sheep, and goats emit methane as part of their normal digestive process. Other 

sources of methane are landfills, animal manure, coal mining, and natural gas systems.  

 Greenhouse gases can be compared by their Global Warming Potential (GWP). Global 

Warming Potential is the amount of energy one ton of emitted gas will absorb over a specified 

amount of time (normally 100 years) relative to one ton of carbon dioxide (U.S. EPA, 2021). 

Carbon dioxide has a GWP of one while methane is estimated to have a GWP of 28-36. (U.S. 

EPA, 2021). This means that one ton of methane warms the atmosphere 28 times more than an 

equivalent amount of carbon dioxide over 100 years. However, methane lasts in the atmosphere 

for far less time than carbon dioxide. On average, methane remains in the atmosphere for 12.4 

years, while carbon dioxide remains in the atmosphere for thousands of years (Myhre et al., 

2013).  

 Methane is composed of one carbon atom surrounded by 4 hydrogen atoms. The carbon 

atom within methane plays a role in the natural biogenic carbon cycle. The biogenic carbon cycle 

is centered around photosynthesis: the plant’s ability to absorb and sequester carbon. During 

photosynthesis, plants convert atmospheric carbon primarily into cellulose. Cattle can consume 

the human-inedible plant material that contains cellulose and upcycle the carbon for growth, 
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lactation, and other metabolic processes. As a byproduct of consuming cellulose, that carbon 

molecule is returned to the atmosphere in the form of CH4 when cattle eructate. Methane remains 

in the atmosphere for approximately 12 years before it is converted to CO2. That carbon atom is 

now a part of a CO2 molecule that plants covert to cellulose via photosynthesis. The cycle repeats 

all over again. Within the biogenic carbon cycle, the carbon atoms within methane are 

“recycled”. Therefore, no “new” carbons are released into the environment as a result of cattle 

producing methane (CLEAR Center, 2020). Comparatively, when fossil fuels are extracted from 

the Earth and burned, new carbon is added to the environment and does not return to geological 

reserves for over 1,000 years (CLEAR Center, 2020).  

 Importance of Methane Production 

 Recently, the sustainability of the beef industry has been a popular topic in news and 

social media. Negative attention has been focused on the environmental impact of beef 

production. Non-dairy cattle are the largest animal source of enteric CH4 followed by dairy cattle 

in the United States (FAOSTAT, 2019). However, there is an opportunity for cattle producers 

mitigate methane emissions. According to the U.S. EPA (2021), emissions from enteric 

fermentation has increased by 8.4% (13.9 MMT CO2 Eq.) from 1990 to 2019. There were 

periods of time when emissions due to enteric fermentation fluctuated, but these periods usually 

followed the general trends in cattle population (U.S. EPA, 2021). Capper (2011) assessed the 

environmental impact of U.S. beef production in terms of resource inputs and waste outputs from 

1977 to 2007. Beef production in 2007 only produced 82.3% of the CH4, a waste output, per 

billion kg of beef compared to 1977 (Capper, 2011).  

 Methane production by beef animals impacts all three pillars of sustainability: economic 

viability, environmental protection, and social equity. As a greenhouse gas, methane has an 
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obvious impact on the environment. Methane in the atmosphere absorbs and emits radiant 

energy; this traps heat in the atmosphere and is why methane is considered a greenhouse gas 

(U.S. EPA, 2021). Social sustainability of the beef industry is entwined with the environmental 

impacts of methane emissions. Social sustainability includes community and organizational 

resilience. As a greenhouse gas, CH4 is related to global warming, which can disrupt the 

livelihoods of people by making the environment and activities within it less resilient (U.S. EPA, 

2021).  

Economically, methane production from enteric fermentation in beef cattle represents a 

decrease in efficiency for cattle production. Ruminants lose 5.5% to 6.5% of gross feed intake to 

enteric methane production (Johnson & Ward., 1996). Johnson and Johnson (1995) estimate that 

emissions represent a loss of 2-12% of gross energy intake. McGinn et al. (2004) estimated that 

6.5% of gross energy was lost to CH4 production in cattle fed a barley silage and grain diet. The 

amount of gross energy lost to CH4 production depends heavily on the acetic acid to propionic 

acid ratio in the rumen (Johnson & Johnson, 1995). The acetic acid to propionic acid ratio is 

altered primarily by feed source; fermentation of cell wall fibers, which is often observed in high 

forage/roughage diets, leads to a higher acetic acid to propionic acid ratio which causes bigger 

losses to CH4 production (Johnson & Johnson, 1995). Diets that use a higher proportion of 

carbohydrate sources such as feedlot diets, typically lose about half the commonly predicted 6% 

of energy to CH4 production (Johnson & Johnson, 1995). Thus, methanogenesis not only creates 

a greenhouse gas but is an energetically wasteful process. Methane produced by a ruminant does 

not contribute to any useful metabolic process for that animal. A proportion of the 2% to 12% of 

gross energy lost could have rather been used by the animal for growth or maintenance. 

However, methanogenesis is a part of the biological process that allows ruminants to upcycle 
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forage. Therefore, maintaining animal productivity while mitigating greenhouse gas emissions is 

crucial. Overall, enteric methane production represents a loss in productivity and efficiency 

which lessens economic sustainability for producers and the beef industry.  

 Methane Production 

 Methane is produced through fermentation by ruminants as a part of their normal 

digestive processes. Methane is an odorless and colorless gas. Microbes within the rumen work 

synergistically to convert human indigestible plants into short chain fatty acids and proteins 

(Janssen, 2010). The main products of fermentation are volatile fatty acids (VFAs) such as 

acetate, propionate, and butyrate (Janssen, 2010). The short chain fatty acids are primarily 

absorbed across the rumen wall and provide the animal with energy which allow the animal to 

maintain homeostasis, reproduce, lactate, and grow. However, there are by-products produced 

from the fermentation process such as hydrogen, ammonia, and carbon dioxide (Janssen, 2010). 

Methanogenic archaea in the rumen use by-products from the fermentation process to produce 

methane (McGovern et al., 2020).  

Hydrogen produced from the fermentation process is utilized as an energy source by 

methanogens to reduce CO2 to CH4 (Hunerberg et al. 2015). Methanogens have an important 

digestive function in the rumen as they are responsible for removal of H2, which otherwise could 

accumulate in the rumen and have an inhibitory effect on fermentation rate and microbial 

function (Van Kessel and Russell, 1996; McAllister and Newbold, 2008) After a feeding event, 

dissolved hydrogen increases in the rumen fluid. Smolenski and Robinson (1988) found that the 

normal background hydrogen concentration of forage fed cows was 1.0-1.4 µM but had peaks of 

20 µM immediately following feed consumption. This is consistent with the results of Robinson 

et al. (1981), which reported that a cow fed grain and hay had a hydrogen concentration of 15 
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µM one hour after feeding, but this value dropped to 1 µM over time.  The increase in dissolved 

hydrogen is followed by a peak in methane production because hydrogen is a substrate for 

methanogenesis (Hunerberg et al., 2015).  

Ruminants produce methane through fermentation in both the rumen and hindgut. 

According to Murray et al. (1975), 87% of methane is produced in the rumen and 13% is 

produced in the hindgut. Methane is released from the animal three different ways: 1) methane 

produced in the rumen and hindgut is absorbed in the blood and released by expiration through 

the lungs, 2) methane is directly released by eructation, 3) methane is released from the hindgut 

in flatus (Murray et. al, 1975). Of the methane produced in the hindgut, 89% (11% of the total 

CH4 produced) is absorbed into the blood and released through expiration. Only 1-3% of total 

methane produced is released by flatus (Murray et. al, 1975, Munoz et al. 2012). The methane 

produced in the rumen is dispersed primarily by eructation and a small amount expiration 

through the lungs.   

 Rumen Microbiome and Dietary Factors Effect on Methane Emissions 

Cattle produce about 250 L of CH4 per day (Czerkawski, 1969; McAllister et al., 1996). 

The exact amount of methane produced by an individual animal is affected by several factors. 

Rumen pH is one factor that affects methane production. It is well known that the addition of 

cereal grains/starch to a ruminant’s diet causes a decrease in methane production (Van Kessel & 

Russel, 1996). The addition of starch causes ruminal pH to become more acidic, which likely 

contributes to lower methane production. A low ruminal pH has an inhibitory effect on 

methanogenesis (Van Kessel and Russell, 1996). Van Kessel and Russell (1996) found that in 

vitro CH4 production from rumen fluid of forage-fed cows stopped when pH was below 6. They 

hypothesized that the methanogens were not killed at an acidic pH, but entered metabolic stasis 
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(Van Kessel and Russell, 1996). However, Hunerberg et al. (2015) conducted an in vivo study 

that measured pH using indwelling pH loggers and found that a pH as low as 5.2 did not inhibit 

CH4 production. Daily mean CH4 emission and ruminal pH were mildly correlated (R2 = 0.27) 

(Hunerberg et al., 2015). Because of the low R2, other factors such as propionate formation and 

passage rate likely contribute to the lower CH4 emissions in cattle fed high-grain diets compared 

to high-forage diets (Hunerberg et al., 2015). When cattle are suddenly switched from a forage to 

grain diet, there is a dramatic drop in ruminal pH, which is called acute acidosis (Owens et al., 

1998). During acute acidosis, the fermentation end-products are altered from acetate, propionate, 

and butyrate to primarily lactate and methanogenesis is paused (Van Kessel and Russel, 1996; 

Hunerberg et al., 2015). However, intentionally inducing acute acidosis by altering diets to 

include more grains is not an efficient CH4 mitigation strategy due to the negative impact on 

animal health (Hunerberg et al., 2015).  

It is well established that dietary fat causes a decrease in methane production and an 

increase in propionate formation (Johnson and Johnson, 1995; McGinn et al., 2004). The 

addition of long chain poly-unsaturated fatty acids to a diet decreases methanogenesis by 

providing an alternative hydrogen acceptor for the reduction of carbon dioxide (Czerkawski et 

al., 1966). The addition of supplemental fat such as animal tallow or soybean oil causes 

decreased CH4 production (Van der Honing et al., 1981), though the reduction of methane was 

attributed to decreased fermentable substrate in this study. McGinn et al. (2004) found that when 

steers fed a forage-based diet were supplemented with sunflower oil, gross energy lost to CH4 

production decreased by 21%. The addition of sunflower oil was also associated with a 20% 

decrease in total-tract digestibility of neutral detergent fiber (NDF; McGinn et al., 2004). The 

reduction in fiber digestion is likely what caused the decrease in methane production. In contrast, 
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Hales and Cole (2017) found that the diet with the highest dietary fat (steam-flaked corn base 

and 45% wet distillers grains with solubles (WDGS)) in their experiment had the highest hourly 

and total methane production. The reason for this discrepancy could be the source of fat. The diet 

Hales and Cole (2017) found to have the highest methane production used WDGS as the primary 

fat source. The inclusion of WDGS in a diet increases fat concentration but also increases the 

proportion of protein and NDF, which is likely what caused the increase in hourly CH4 

production for this diet (Hales & Cole, 2017). There are several factors that affect methane 

production, but source and interactions between these factors are important for an accurate 

prediction/assumption of CH4 production.  

Feed processing technique is another factor that affects methane production. Blaxter 

(1989) found that grinding and pelleting a forage source decreased CH4 production. This is likely 

because processing the forage increases the passage rate. Processing the feed results in smaller 

particle sizes so feed exits the rumen more easily and microbial degradation is faster (Janssen, 

2010). Hales & Cole (2017) tested hourly CH4 production rates when feeding diets composed of 

varying levels of corn processing (dry-rolled, steam-flaked, and WDGS). Starch digestibility 

increases when corn is more processed. The inclusion of WDGS prolonged peak CH4 production 

while cattle fed diets with steam flaked corn had peak CH4 production sooner (Hales & Cole, 

2017).  

Another factor that affects CH4 production is ruminal passage rate or feed disappearance 

rate. The ruminal passage rate is controlled by feed but also by the individual animal to some 

extent (Janssen, 2010). In general, concentrate feeds have a higher passage rate than forage 

feeds, meaning forages move through the rumen and are degraded more slowly. The passage rate 

is lower for low quality, less readily digestible feeds. When the passage rate is higher, more 
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emphasis is put on digestion in the abomasum and lower digestive tract. Pinares-Patino et al. 

(2003) found that in a group of 10 sheep, passage rate and CH4 production were negatively 

correlated. Increasing the passage rate through the rumen is associated with lower CH4 

production per unit of feed digested in the rumen (Janssen, 2010). This can somewhat be 

attributed to undigested feed passing through the rumen at higher passage rates. However, higher 

passage rates are associated with alternative fermentation pathways that result in more 

propionate and less hydrogen, and therefore less CH4.  

More propionate is produced as a proportion of total fermentation products when a 

ruminant is fed a grain diet compared to a forage diet (Beauchemin & McGinn, 2005). Tajima et 

al. (2000) observed that rumens of cows adjusted to a grain diet contained more bacteria in the 

Selenomonas-Succiniclasticum-Megasphaera group in Clostridium cluster IX than cows fed 

forage diets. This group of bacteria produce more propionate as a major fermentation product 

(Janssen, 2010). Increases in propionate formation are strongly associated with decreased CH4 

production, because propionate production and methanogenesis are competing pathways 

(Beauchemin & McGinn, 2005; Janssen, 2010).  

Ruminants fed diets with a high proportion of forage or fibrous plant material produce 

more CH4 per unit of feed digested (Beauchemin & McGinn, 2005). Johnson and Johnson (1995) 

determined this difference was due to the lower digestibility of cellulose and hemicellulose in 

forage.  

 Methods to Quantify Methane Emissions  

 Respiration Calorimetry  

 Respiration calorimetry techniques include whole-animal chambers, head boxes, 

ventilated hoods, and face masks. Respiration chambers are considered the gold standard for 
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methane emission measurement, though every system has its strengths and weaknesses. 

Respiration chambers are a whole-animal open-circuit “room” used to measure respiratory 

exchange and gas fluxes. Inflowing air is circulated in the chamber and mixed with emitted 

gases. The amount of gas emitted can be found by comparing the concentration of that gas in the 

ingoing and outgoing air (Hammond et al., 2016).  

The main advantage of whole animal respiration chambers is that it is one of the only 

techniques that captures both ruminal and hindgut methane emissions. Whole animal respiration 

chambers capture the estimated 1-3% of emissions that occur in flatus (Murray et al., 1975; 

Munoz et al., 2012). Respiration hoods and headboxes do not capture hindgut methane 

emissions. However, respiration chambers are expensive and labor-intensive (Arthur et al., 

2017). They are expensive to construct and maintain, and extensive labor is required for animal 

training and care (Johnson & Johnson, 1995). These factors often limit the number of animals 

that can be measured. A sufficient sample size is imperative for genetic improvement studies, so 

these systems pose a major limitation. Studies that use respiration chambers generally have high 

quality data but require more time and resources to obtain a sufficient sample size compared to 

other techniques.  

Respiration chambers require the animal to be pulled from their normal environment and 

housed individually. This often causes changes in animal behavior and a lower dry matter intake 

(DMI). For example, in a study done by McGinn et al. (2004), steers were moved from their 

normal outside pens to the respiration chambers, resulting in a decrease in DMI of 15% to 19%. 

Sheep in respiration chambers have 15% to 25% lower feed intake compared to their feed intake 

the previous week in individual indoor home pens (Bickell et al., 2014). The decrease in DMI 

associated with respiration chambers is likely due to the stress. Animals using a respiration 
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chamber can experience stress from relocation and feeding pattern disruption. A lower DMI 

leads to an underestimation of methane emission, which may be the most severe in the most 

stressed animals- confounding two different traits. Therefore, the methane production observed 

in a respiration chamber can be lower than the actual production in the animal’s normal 

environment.  

Respiration chambers have two main sources of variation: airflow rate and air mixing in 

the chamber. Gardiner et al. 2015 found that ducting/airflow and chamber mixing have 15.3% 

and 3.4% variability between the results of different facilities, respectively.  For respiration 

chambers to be accurate, they must be properly calibrated and have a 100% gas recovery rate 

(Gardiner et al. 2015). Thus, respiration chambers must be airtight to prevent air loss or entry of 

outside air. Modern respiration chambers are designed so that the door must be open for up to an 

hour every day for animal feeding, milking, cleaning, etc. (Hristov et al. 2018). Typically, the 

one-hour time “gap” is excluded from data analysis. However, this practice could lead to 

inaccurate methane measurements because methane emission is not constant throughout the day. 

Methane emissions follow a diurnal pattern dependent upon time of feed intake and have 

significant hour-to-hour variation. For dairy cows, the peak hourly rate of emission can be three 

times greater than the minimum hourly rate (Hristov et al. 2018). So, excluding an hour from 

data analysis near feeding time could lead to error in results.  

In addition, the environment in the respiration chamber is artificial and does not represent 

a production environment. Energy expenditure in respiration chambers is lower than a 

production setting due to a reduction in space to move and less exposure to variable 

environmental conditions (Arthur et al., 2018). A reduction in energy expenditure is another 

possible reason that DMI is reduced for animals in respiration chambers (Llonch et al., 2016).  
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Respiration chambers, while generally being highly accurate, lack application in a production 

environment.   

 Sulfur Hexafluoride Tracer Technique  

 The Sulfur Hexafluoride (SF6 ) tracer technique was one of the first techniques developed 

to measure gas emissions in an open-air environment without confinement. The SF6 technique 

was develop in the early 1990’s by Patrick Zimmerman (Zimmerman, 1993). Sulfur hexafluoride 

is used as a tracer gas to measure CH4 emissions of ruminants, because it is synthetic and not 

produced in any biological process. It is also easily measured and traceable at low 

concentrations, a requirement for a tracer gas technique (Hill et al., 2016). An inert bolus 

containing liquid SF6 is placed in the rumen of the animal. The SF6 is slowly released from the 

bolus in gaseous form through permeations in the bolus. The animal wears a halter with a 

capillary tube that is connected to an evacuated sample container on its back or an inflatable neck 

collar. The vacuum in the sampling container collects the metabolic and tracer gas from the nose 

and mouth. After the trial, CH4 and SF6 concentrations are determined using the known 

permeation rate of SF6 from the bolus and the mixing ratio of gases collected in the sampling 

container (Zimmerman, 1993).  

 The advantage of the SF6 technique is that animals are not required to be restrained or 

enclosed in a chamber (Gunter and Beck, 2018). Therefore, animals are free to move and graze 

in their normal environment. There are several disadvantages of using the SF6 technique. One 

disadvantage is the extensive labor required. The animals must be trained to wear the halter and 

the sampling container, which is laborious (Gunter and Beck, 2018). In addition, labor is 

required to insert the bolus into the animal’s rumen. Due to the extensive labor, this technique is 

typically only used in short duration with a small number of animals, which limits possible 
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applications for genetic improvement. Another disadvantage is that this technique does not 

account for methane released as rectal flatus (Gunter and Beck, 2018; Murray et. al, 1975).  The 

SF6 tracer technique often biases the CH4 measurements due to the diurnal patterns of methane 

emissions (Gunter and Beck, 2018). The collection canisters are removed and replaced every 24 

hours. If the canister is replaced during a distinct bout of feeding and subsequent CH4 emission, 

the greatest sampling rate occurs when CH4 emission is the highest, leading to an overestimation 

of emissions (Berndt et al., 2014).  

The SF6 tracer technique is dependent upon low background gas concentrations so that 

differences in CH4 emissions can be detected (Williams et al., 2011). However, if this technique 

is used on animals housed indoors, large variability in background gas concentration is often an 

issue due to poor ventilation (Williams et al., 2011; Dorich et al., 2014). Variability in 

background gas concentration negatively impacts the precision of the SF6 tracer technique.  

 Infrared Spectroscopy  

Infrared spectroscopy is a method to measure CH4 primarily used in dairy cattle. One 

method, Fourier transform infrared (FTIR) uses infrared transmission spectrum to identify an 

absorbance spectrum from an air sample (Teye et al., 2009). Then gas densities can be calculated 

for each sample using the absorbance spectrum. Another infrared spectroscopy method of gas 

quantification is based on mid-infrared spectra. Infrared spectroscopy methods have the 

advantage that they are non-invasive, and animals can remain in normal production 

environments during collection. However, measurements are highly variable and require several 

hundred measurements during a short period of time to quantify individual animal means 

(Lassen & Løvendahl, 2015). This is one reason why this method is primarily only used for dairy 

cows during times of feeding or milking.  
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 Prediction Models 

 Rather than directly measuring methane emissions using a quantification technique, CH4 

emissions can be predicted using mathematical models. These models can be classified as either 

empirical/statistical or mechanistic (Kebreab et al., 2016). Empirical models directly relate 

nutrient intake to CH4 emissions whereas mechanistic models predict CH4 emissions by 

stimulating the underlying process of fermentation (Kebreab et al., 2016).  

 Measuring CH4 production is often expensive and requires complex equipment. An 

advantage to using prediction models is that it does not require any additional equipment to 

quantify CH4 (Kebreab et al., 2016). In addition, empirical prediction models are relatively 

simple and require fewer input variables making empirical models a more practical option 

compared to mechanistic models (Appuhamy et al., 2016).  

 A vast number of prediction models exist with a range of different data inputs from DMI 

to milk production characteristics. For example, Dijkstra et al. (2011) developed methane 

prediction equations based on milk composition for dairy cattle. Milk fatty acids are suggested to 

be an indicator of rumen conditions and methane production because certain fatty acids are 

absorbed into the blood and can be used in the mammary gland for milk fatty acid production 

(van Engelen et al., 2015). Other prediction models use input variables such as body weight, 

DMI, or feed characteristics such as total digestible nutrients (Uemoto et al. 2020; Mills et al., 

2003; Moe and Tyrrell, 1979).  

However, there are several drawbacks to prediction models. The predictive power of the 

model depends upon the accuracy of the mathematical equation and the data inputs used in that 

equation (Kebreab et al., 2016). When using mechanistic models, errors in feed intake estimation 

directly leads to errors in predicted CH4 (Kebreab et al., 2016). Errors in estimating feed intake, 
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stoichiometry of volatile fatty acids, and rumen fermentation conditions were identified by 

Bannink et al (2011) as the most likely sources of uncertainty in mechanistic models. Kebreab et 

al. (2016) advised that in a pasture system, empirical models are not good predictors of CH4 

because DMI can not be reliably measured in these systems. Empirical models often include a 

measure of feed intake which is often not available for individual animals in a commercial 

operation (Hristov et al., 2018). Another disadvantage of prediction models is that the model 

assumptions may not be met in all situations, especially if trying to apply to a commercial 

livestock operation (Kebreab et al., 2016). For example, one assumption is that animals are 

healthy and not effected by environmental conditions. However, this ideal scenario is rarely 

representative of all animals.  

 One of the biggest drawbacks to prediction models is that prediction models do not 

provide individual animal information distinct from differences in feed intake (Lakamp, 2021). A 

variable that represents feed intake is always included in a prediction model. Therefore, methane 

production is calculated as a function of feed intake. This is problematic because when feed 

intake increases, predicted methane will also be higher.  

 In general, prediction models can be useful especially if all necessary variables are 

readily available or quantification equipment is not available. However, there are several 

disadvantages to prediction models and the accuracy of the predicted estimates need to be 

scrutinized on an individual basis. If possible, a gas quantification technology would be 

preferred, especially for genetic evaluation.  

 Open-Circuit Gas Quantification Systems 

An open-circuit gas quantification system (OCGQS) is an automated technology that 

quantifies gas fluxes by exhausting air past the animal’s head and into the system (Hristov et al., 
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2015). One example of these types of systems is the GreenFeed system (C-Lock, Inc., Rapid 

City, South Dakota). The GreenFeed measures individual methane, carbon dioxide, hydrogen, 

and oxygen gas fluxes for a variety of livestock species. The GreenFeed entices animals to visit 

the unit multiple times a day by releasing a small amount of pelleted feed as bait. Individual 

animals will insert their head into the hood and the unit will measure these gas fluxes as air is 

continuously drawn past the head of the animal. Eructated gas concentrations are compared to 

the background gas concentration. The GreenFeed collects several short-term breath samples 

throughout the day to calculate gas production rates (Herd et al., 2020). Measurements are an 

accumulation of spot samples, unlike the continuous sampling of respiration chambers and the 

SF6 technique. Data collected by the GreenFeed is stored and uploaded to a remote web interface.  

The GreenFeed pasture system is mounted on a trailer, so the system is portable between 

pastures. A GreenFeed can be moved with a herd during a rotational grazing program. Panels are 

mounted at the entrance of the GreenFeed so that only one animal can enter at once and the 

collection is not affected by nearby animals. The GreenFeed is equipped with a wind 

anemometer and a weather station to adjust to the variables inherent in a changing environment. 

One of the main advantages of the GreenFeed is that data can be collected on grazing 

animals in a pasture setting. It is ideal for methane emissions of grazing animals to be 

determined at grazing so that data is representative of diet and grazing behavior (Waghorn et. al., 

2016). In contrast, cows in respiration chambers fed cut pasture differ in forage and feeding 

patterns compared to grazing animals (Waghorn et al., 2016) which will affect methanogenesis 

(Jonker et al., 2014). Another advantage of the GreenFeed is that animals are unencumbered by 

respiration equipment or respiration chambers and do not require extensive training.  
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The precision of gas flux data collected by the GreenFeed is influenced by several 

factors. One factor that can have a major impact on the accuracy and quality of emission 

estimates is mass airflow rate. The proper air flow rate ensures that the complete breath cloud 

emitted from the animal is captured by the GreenFeed. Gunter et al. (2017) analyzed emission 

estimates with a range of airflow rates and found that when the air flow rate was above 26.0 L/s, 

CO2 and CH4 estimates were not affected. However, when air flow rates are below 26.0 L/s, CO2 

and CH4 emission estimates decreased as airflow rates decreased (P < 0.0001; Gunter et al., 

2017). Gunter et al. (2017) speculated that the reason for a decrease in CO2 and CH4 emissions 

during lower air flow rates was due to the animals emitted breath cloud not being completely 

captured by the GreenFeed. Maintaining clean air filters for proper air flow rates is imperative 

for accurate estimation of emissions.  

Another important aspect of the GreenFeed that needs to be considered is feed bait 

delivery interval and amount of feed released. Once the animal inserts its head into the intake 

manifold, feed is released several times as long as the animal maintains adequate head position. 

The amount of time between feed drops is the bait delivery interval and can be adjusted 

depending upon the trial. Gunter et al. (2017b) conducted two experiments where alfalfa pellets 

were fed at eight different timed intervals up to 8 times per visit. Carbon dioxide and oxygen 

(Exp. 2 only) emission estimates were not affected by timed interval. However, CH4 estimates 

and the ratio of CH4:CO2 linearly decreased (P < 0.01) with an increase time interval in Exp. 1, 

but were not different in Exp. 2 (Gunter et al., 2017b). Increasing the time interval increased (P < 

0.01) the total amount of time that animals spent in the intake manifold (Gunter et al., 2017b). 

Total visit duration can be increased by increasing the time interval between drops. Visits that 

are longer in duration more accurately capture the CH4 emissions from eructation events.  
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The total amount of time that an animal spends with its head in the intake manifold is a 

crucial aspect of collecting high-quality data. Arthur et al. (2017) compared 2-minute and 3-

minute minimum GreenFeed visit durations. Emission records with a minimum visit duration of 

two minutes were significantly (P < 0.001) more heterogeneous than records with a three-minute 

minimum visit duration (Arthur et al. 2017). The authors concluded that to calculate an animals 

methane production rate (MPR) and carbon dioxide production rate (CPR), a minimum visit 

duration of 3 minutes is required. Suggested ways to increase visit duration are: 1) adjusting the 

interval and amount of feed drops, 2) additional training for cattle using GreenFeed, 3) decrease 

the number of animals using one unit, 4) switch to a more palatable feed.  

The total number of valid collection visits on an individual animal during the trial period 

needs to be carefully considered. Arthur et al. (2017) evaluated the reduction in variance as more 

records on an individual are added to a dataset. There was a sharp reduction in variance as more 

records for each individual animal were added to the dataset (Arthur et al., 2017). The reduction 

in variance was so rapid that the initial variance at 5 records was reduced by over 50% at 20 

records. However, after 30 records (3-min visit duration) were included in the dataset for each 

animal, there was no substantial reduction in variance. To achieve the same reduction in variance 

when the visit was only 2-minutes in duration, the minimum number of records needed was 40-

45 (Arthur et al., 2017). Arthur et al. (2017) concluded that at least 30 records on an individual 

animal were needed to reduce variance and increase precision.  

 Accuracy of Open-Circuit Gas Quantification systems 

The accuracy of the GreenFeed has been validated in several studies by comparing the 

results of the Greenfeed system to respiration chambers and the SF6 tracer method.  
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Dorich et al. (2014) compared enteric CH4 emissions of 16 Holstein cows on a common 

diet using the GreenFeed system and the SF6 tracer method. Dorich et al. (2014) found the 

GreenFeed system to be a reliable method of gas quantification with relatively low coefficients 

of variation (14.1% to 22.4%) for CH4 emissions. In comparison, the coefficient of variation for 

CH4 emissions using a SF6 were up to 5-fold greater (16.0% to 111%) than the GreenFeed system 

(Dorich et al., 2014).   

Herd et al. (2016) evaluated methane emission traits on animals with a GreenFeed system 

and in respiration chambers. The GreenFeed was set up in feedlot conditions where animals had 

access to an ad-libitum grain-based diet whereas within the respiration chambers the animals had 

two trials: a restricted grain-based diet and a restricted roughage diet. Methane yield (MY) and 

residual methane production (RMP) had moderate positive phenotypic correlations (0.54 - 0.58) 

between the GreenFeed feedlot test and the roughage respiration chamber test (Herd et al., 2016). 

In this study, the GreenFeed feedlot test was performed 73 d after the chamber roughage test 

suggesting strong repeatability.  

Hammond et al. (2013) compared CH4 production in growing dairy heifers using a 

GreenFeed to values found using a respiration chamber or SF6 technique and reported that they 

had similar (P > 0.10) CH4 emission (g/d) estimates. However, Hammond et al. (2013) did find 

that the SF6 technique estimated higher (P < 0.001) methane emission values than the 

GreenFeed. The authors speculated that the difference could have been due to different housing 

conditions (grazing vs. indoor) or the accuracy of the SF6 technique data. The patterns of 

methane emissions were comparable for the GreenFeed and the respiration chamber (Hammond 

et al., 2013). Overall, Hammond et al. (2013) concluded that the GreenFeed system can 

accurately estimate CH4 emissions from livestock. 



19 

In 2015, Hammond et al. found differing results to their previous study mentioned above 

published in 2013. Hammond et al. (2015) aimed to compare measurements from a GreenFeed to 

a respiration chamber and SF6 technique. There were three experiments, all with different diets. 

Two experiments used four animals and the third experiment used 12 animals total. The average 

methane emissions (g/d) measured using the GreenFeed were numerically similar to the averages 

from the respiration chamber, however they were not statistically significant (203 g/d vs. 213.5 

g/d). However, the Lin’s concordance correlation coefficient, which determines if the difference 

between the respiration chamber and GreenFeed for each experiment was different from zero, 

was poor (0.1043) (Hammond et al., 2015). The GreenFeed did not identify the significant 

treatment effects on methane emission that the respiration chamber and SF6 technique did 

(Hammond et al., 2015). The authors discussed that the reason the GreenFeed did not detect the 

treatment effects was due to a limited number of animals and the timing of measurements taken 

with the GreenFeed.   

Validating GreenFeed as a gas quantification system has been done by other groups of 

researchers by comparing the GreenFeed to respiration chambers and the SF6 technique. Jonker 

et al. (2016) compared CH4 and CO2 measurements from a respiration chamber, a GreenFeed, 

and the SF6 technique with a small sample size of eight beef heifers. The CH4 yield estimates 

from the GreenFeed did not differ from the estimates from the respiration chamber (Jonker et al., 

2016). However, the CH4 yield estimates from the GreenFeed were greater (P < 0.02) than the 

estimates from the SF6 technique (Jonker et al., 2016). Measurement method did not affect CO2 

values expect for in one period out of five periods total (Period 2; P < 0.001), in which the 

respiration chambers had higher values than the GreenFeed and SF6 technique (Jonker et al., 

2016). Jonker et al. (2016) concluded that the GreenFeed system provided CH4 yields that were 
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not different from the respiration chamber, evidence that the GreenFeed is a comparable 

technique to measure gas fluxes.  

 Waghorn et al. (2013) measured CH4 emissions of grazing dairy cows using a 

GreenFeed system. Methane emissions were calculated on individual animals from predictive 

equations based on milk production and body weight change. Measurements from the GreenFeed 

and calculated CH4 emissions were positively correlated (R2 = 0.72; P = 0.004).  

Nitrate has been identified as an alternative non-protein nitrogen source to urea and has 

evidence for reducing enteric methane emissions (Nolan et al., 2010). Velazco et al. (2013) 

supplemented feedlot steers with either urea or nitrate and measured gas fluxes with the 

GreenFeed system. Dietary nitrate supplementation significantly (P < 0.05) reduced methane 

yield (g CH4/ kg DMI) (Velazco et al., 2013). This is evidence that the GreenFeed system can 

detect differences in emissions from mitigation strategies.  

Alemu et al. (2017) grouped animals into a high-residual feed intake (RFI) or low-RFI 

group based on data from the GrowSafe system (Calgary Alberta, Canada). Animals had gas flux 

measurements taken using both the GreenFeed system and a respiration chamber. The respiration 

chamber had greater variation (CV = 19.9%) in CH4 estimates among animals compared to the 

GreenFeed (CV = 14.3%). Estimates for CH4 production (g/d) were greater (P < 0.001) for the 

GreenFeed than the respiration chamber for both groups and CH4 yield (g/kg DMI) differed (P = 

0.01) for the high-RFI group (Alemu et al., 2017). This means that the GreenFeed and respiration 

chambers had similar estimates for CH4 yield but differed on daily CH4 emissions (Alemu et al., 

2017). The authors hypothesized that the reason the GreenFeed estimated greater CH4 emissions 

than the respiration chamber was because animals in the respiration chambers had 19% to 20% 

lower DMI than the animals housed in group pens (Alemu et al., 2017).  The differences in CH4 
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emissions between the respiration chamber and GreenFeed were likely due to the conditional 

differences between the systems, proving the difficulty in directly comparing the two systems.  

McGinn et al. (2021) used a novel method to compare the GreenFeed system to a 

respiration chamber. Instead of using animals, McGinn et al. (2021) used a mass flow controller 

to release known concentrations of CH4. The mass flow controller released CH4 into the 

GreenFeed in an open environment meant to represent a pasture setting with low background 

concentrations. McGinn et al. (2021) also directly compared the respiration chamber to the 

GreenFeed by placing the GreenFeed inside of the respiration chamber. The mass flow controller 

released a known amount of CH4 inside the respiration chamber and collected CH4 emission 

rates (g/d) from the GreenFeed and the respiration chamber. This was designed to represent a 

barn with the potential to have higher background concentrations. There was a significant 

difference between the CO2 emission rates between the GreenFeed and the mass flow controller 

(outside of the respiration chamber; P = 0.013) and between the GreenFeed and the respiration 

chamber (P = 0.007; McGinn et al., 2021). When CH4 emission rates were compared, there was 

not a significant difference (P = 0.726) between the GreenFeed and the mass flow controller. 

There was a small, but significant difference in CH4 emission rates between the GreenFeed and 

the respiration chamber (328 vs. 323 g/d; P = 0.019). McGinn et al. (2021) later found that the 

difference in CO2 emission rates between the GreenFeed and the mass flow controller was due to 

a systematic error. The authors concluded that the GreenFeed system has the potential to 

accurately measure emission rates in both an open environment and a barn (McGinn et al., 2021).  

A meta-analysis done by Huhtanen et al. (2019) aimed to compare CH4 production 

measured from the GreenFeed to CH4 production prediction equations. Some datasets included 

respiration chamber values which allowed for a direct comparison to the GreenFeed. Eighteen 
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different empirical equations based on intake and nutrient composition were selected from 

literature to represent different datasets. Equations to predict CH4 production were selected based 

on the variables available in the dataset: feed intake only, intake and nutrient composition, and 

CH4 yield and intake (Huhtanen et al., 2019). The meta-analysis included 83 treatment means 

from both dairy and growing beef animals with a wide range of diet, nutrient composition, 

housing type, and environmental conditions. Huhtanen et al. (2019) found that methane 

production measured by the GreenFeed and predicted by the equations were closely related (R2 

values in most cases > 0.90). In direct comparisons (n = 20), methane production measured by 

the GreenFeed and respiration chamber were closely associated with a high R2 (R2 = 0.92) and a 

high concordance correlation coefficient (CCC = 0.95; Huhtanen et al., 2019). These results 

indicate that the GreenFeed measured CH4 emissions that agreed well with emissions calculated 

from empirical models from respiration chamber data. This indirectly suggests that the 

GreenFeed can accurately measure CH4 emissions (Huhtanen et al., 2019).  

 Diurnal Patterns of Methane Emissions 

One concern with the GreenFeed is related to the variation in methane emissions due to 

circadian rhythms. Methane is emitted in pulses that vary in concentration and volume, unlike 

carbon dioxide which is emitted more constantly (Gunter and Beck. 2018). Methane release rates 

for grazing ruminants follow a “diurnal biphasic pattern” with peaks in the mid-morning and late 

afternoon (Hegarty 2013). The peaks in emissions likely correspond with periods of more 

intensive grazing (Champion et al., 1994).  

The rate and variation of methane production throughout the day is highly influenced by 

feed intake. Typically, cattle that are “meal-fed” (feedlots) have CH4 production that is different 

than grazing cattle because cattle that eat intermittently while grazing throughout the day have 
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smaller changes in CH4 production over the day compared to “meal-fed” cattle. Baxter and 

Clapperton (1965) found that sheep with constant feeding had small day-to-day variation in CH4 

production. Cattle that have access to ad libitum feed have more consistent CH4 production 

therefore, the GreenFeed should be able to accurately measure CH4 emissions using “spot 

samples” (Gunter and Beck, 2018).  

 Genetic Parameters  

 Heritability and genetic parameter estimates for methane production in literature are 

fairly limited for beef cattle. Some research has been done in dairy and concentrate-fed confined 

beef cattle; however, research is limited for grazing beef cattle. Methane emissions vary widely 

depending upon feed intake, body weight, feed type, etc., which are all factors that are different 

between beef and dairy cattle. However, heritability estimates from dairy cattle can give insight 

into beef cattle as they are both the same species.  

 Three CH4 phenotypes including CH4:C02 ratio, CH4 production (g/d) measured over a 

week, and CH4 intensity (g CH4/L milk produced), were measured for 3,121 Holstein dairy cows 

using an automatic milking system and FTIF detection (Lassen & Løvendahl, 2015). The FTIF 

method uses an infrared transmission spectrum to find what wavelength an air sample absorbs 

and then is calibrated to provide the gas density of that air sample (Lassen & Løvendahl, 2015). 

Both CH4 production and CH4 intensity had heritabilities of 0.21 ± 0.06 and CH4:C02 ratio had a 

heritability of 0.16 ± 0.04 (Lassen & Løvendahl, 2015). Interestingly, CH4 production and 

CH4:C02 ratio had strong genetic correlations to fat- and protein-corrected milk yeild, (0.43 ± 

0.10 and 0.37 ± 0.07 respectively; Lassen & Løvendahl, 2015). This suggests that CH4 

production in dairy cattle is a heritable trait and that a strong genetic potential for milk 

production could mean a strong genetic potential for CH4 emission.  
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 Methane production can be predicted using milk composition in dairy cows. van Engelen 

et al. (2015) used milk fatty acid profile in three different methane yield prediction equations to 

estimate CH4 yield (g/kg DMI) of 1,905 Holstein-Friesian cows. The heritability estimates from 

the three different equations for CH4 yield were 0.12 ± 0.06, 0.20 ± 0.07, and 0.44 ± 0.10 (van 

Engelen et al., 2015). Methane yield based on milk fat composition is heritable.  

 Pickering et al. (2014) used feed intake, milk yield, live weight, and condition scores to 

predict methane emissions of 1,726 dairy cows. Laser methane detector data was used to find 

repeated measurements from 57 cows. Predicted methane emissions (PME) was calculated daily 

from morning and evening milkings then averaged for each week of lactation. The laser methane 

detector was found to not be suitable for genetic prediction due to the small number of 

observations available in this study (Pickering et al., 2014). PME (g/d) had a mean heritability of 

0.13 ± 0.04 across 44 weeks of lactation (Pickering et al., 2014). Interestingly, the heritability of 

PME stayed relatively stable across the 44 weeks of lactation measured.  

 Methane emissions were predicted from feed intake, milk and body weight data on 548 

Holstein-Friesian heifers (de Haas et al., 2011). Predicted CH4 emissions gradually increased 

throughout lactation until it reached a plateau around 400 g/d in mid-lactation until the end of 

lactation (de Haas et al., 2011). de Haas et al. (2011) estimated that predicted CH4 emissions had 

a heritability of 0.35 ± 0.12 for week 0 through week 42 of lactation. Heritabilities estimates 

varied between weeks of lactation from 0.29 to 0.42 with standard errors ranging from 0.10 to 

0.12 (de Haas et al., 2011). Feed intake data collected from an automated feeders was used to 

calculate residual feed intake (RFI) and dry matter intake (DMI). Predicted CH4 emissions had a 

strong positive phenotypic correlation with RFI, indicating that animals with lower RFI also 

would have lower predicted CH4 emissions (de Haas et al., 2011).   
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 Kandel et al. (2017) studied two milk mid-infrared based CH4 proxies, PME and log-

transformed CH4 intensity (LMI). The fatty acid profile was predicted using mid-infrared 

spectrometry and then an equation developed by Vanlierde et al. (2015) was used to find PME 

given the mid-infrared milk information (Kandel et al., 2017). Log-transformed CH4 intensity 

was found by log-transforming the ratio of PME over daily methane yield. Kandel et al. (2017) 

studied both first (n = 56,957) and second (n = 34,992) parity cows. The heritability of PME was 

moderate and slightly decreased from first to second lactation, 0.25 ± 0.01 and 0.22 ± 0.01 

(Kandel et al., 2017). The heritability of LMI was 0.18 ± 0.01 for first lactation and 0.17 ±0.02 

for second lactation (Kandel et al., 2017). Between first and second lactation, PME increased 

(433 g/d vs. 453g/d) while LMI decreased (2.93 vs. 2.86; Kandel et al., 2017). The authors 

suggested that the rankings of animals were similar between the two lactations based on the high 

Spearman correlation values for PME and LMI, 0.92 and 0.95 respectively (Kandel et al., 2017). 

Kandel et al. (2017) explained that the differences in values observed between first and second 

lactation were due to changes in feed intake, feed efficiency, energy partitioning, and milk 

production.  

 Although a different species, sheep are a grazing ruminant animal that also produce 

methane. Sheep are typically less expensive to manage and are easier to handle offering a 

potential proxy to cattle for CH4 emissions research. Pinares-Patiño et al. (2013) measured 

methane production (g CH4/d) and methane yield (g CH4/DMI) from 1225 sheep in respiration 

chambers. The heritability of CH4 production and CH4 yield was 0.29 ± 0.05 and 0.13 ± 0.03, 

respectively (Pinares-Patiño et al., 2013). Measurements in respiration chambers were repeated 

14 days later to assess repeatability. Methane production and CH4 yield had repeatabilities of 
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0.55 ± 0.02 and 0.26 ± 0.02, respectively (Pinares-Patiño et al., 2013). The results of this study 

indicate that CH4 emission traits are heritable and repeatable for sheep.  

The cow-calf sector of the beef industry includes the largest number of animals compared 

to other sectors. The cow-calf sector is estimated to contribute 68% to 80% of the total 

greenhouse gas emissions from the beef life cycle (Stackhouse-Lawson et al., 2012; Beauchemin 

et al., 2010). Therefore, it is imperative that methane production heritability estimates are 

representative the sector of the beef industry that is producing the majority of CH4 emissions.  

Hayes et al. (2016) derived genomic estimated breeding values (GEBV) for methane 

traits on 747 Angus cattle with a validation set of 273 Angus cattle. All animals in this study 

were born and raised on pasture, expect for the period of methane measurement where they were 

fed a roughage diet consisting of alfalfa and oaten hay chaff. Methane production rate (MPR; 

g/d), methane yield (MY; g/kg), and four residual methane traits were measured in respiration 

chambers. The estimated heritability derived from genomic information for MPR was 0.28 ± 

0.06 and 0.20 ± 0.05 for MY (Hayes et al., 2016). Heritabilities were also derived from pedigree 

information for MPR (0.27 ± 0.06) and MY (0.22 ± 0.06). The accuracies of GEBV calculated 

from genomic BLUP for all traits included in the analysis ranged from 0.26 to 0.38 (Hayes et al., 

2016).  

Manzanilla-Pech et al. (2016) estimated heritabilities for a variety of methane traits on 

1,020 Angus beef cattle collected with respiration chambers and in two validation populations of 

Holstein dairy cows collected with the SF6 tracer technique. The CH4 traits evaluated for the 

Angus population were methane production (MeP; g/d), methane yield (MeY; g/ kg DMI), 

methane intensity (MeI; g/ kg product), residual phenotypic methane (RPM), and residual 

genetic methane (RGM). The estimated heritabilities for MeP, MeY, MeI, RPM, and RGM in the 
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Angus population were 0.30 ± 0.06, 0.20 ± 0.05, 0.25 ± 0.06, 0.19 ± 0.05, and 0.15 ± 0.05, 

respectively (Manzanilla-Pech et al., 2016). Heritabilities for the Holstein population were only 

evaluated for 3 methane traits and different values were found. The estimated heritability for 

MeP, MeY, and MeI were 0.23, 0.30, and 0.42, respectively (Manzanilla-Pech et al., 2016). It is 

unknown whether the difference in heritability estimates was due to genetics or the smaller 

population size and higher associated standard errors (approximately 0.23). The authors 

concluded that CH4 is a moderately heritable trait, and several factors need to be evaluated to 

determine which trait is the “best” measure of CH4 emissions.  

 Donoghue et al. (2016) found genetic and phenotypic variances and covariances 

estimates for methane emission traits. Using largely the same animals as Manzanilla-Pech et al. 

(2016) and Hayes et al. (2016), this study included data on Angus 1,046 animals that were born 

and raised on pasture. Methane emissions were measured in a respiration chamber for two days 

while animals ate a roughage-based diet. The traits evaluated were MPR, MY and 4 residual 

methane production traits as well as production traits such as birth weight (BW), weaning weight 

(WW), yearling weight (YW), final weight (FW). Carcass traits such as ultrasound measures of 

eye muscle area (EMA), rump fat depth, rib fat depth, and intramuscular fat were also included. 

One objective of this study was to estimate phenotypic and genetic correlations between the 

methane and production traits (Donoghue et al., 2016). Donoghue et al. (2016) estimated the 

heritability of MPR and MY to be 0.27 ± 0.07 and 0.22 ± 0.06, respectively. All four forms of 

residual methane had an estimated heritability of 0.19. Methane production rate and MY had a 

phenotypic correlation of 0.68 ± 0.02; this indicates that animals with high MPR also have high 

MY. Donoghue et al. (2016) hypothesized that reducing MY will not impact DMI because the 

two traits are not genetically correlated (-0.04 ± 0.18), however reducing MY will have a 
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correlated effect on MPR because the two traits have a strong genetic correlation (0.50 ± 0.14). 

Interestingly, Donoghue et al. (2016) found that MPR had a weaker phenotypic correlation with 

BW (0.26 ± 0.04) than later in life growth trait such as WW (0.53 ± 0.03), YW (0.61 ± 0.03), and 

FW (0.56 ± 0.03). Genetic correlations between MPR and production traits were moderate to 

strong: BW (0.36 ± 0.18), EMA (0.40 ± 0.16), WW (0.84 ± 0.09), YW (0.86 ± 0.06), and FW 

(0.79 ± 0.08; Donoghue et al., 2016). Donoghue et al. (2016) speculated that the strong genetic 

correlations between MPR and animal weight traits is likely due to the strong association 

between MPR and DMI. This means that reducing MPR will have a correlated reduction in 

animal weight for the progeny. Instead, the authors proposed the mitigation strategy of selecting 

for reduced MY or residual methane because it should reduce methane production without a 

negative effect on DMI (Donoghue et al., 2016).  

 Due to the sparse literature on CH4 emissions from grazing beef cattle, genetic 

parameters from sheep should be considered. Robinson et al. (2010) evaluated 708 grazing ewes 

for 1-hour methane emissions using a sealed polycarbonate booth. Heritability of 1-hour methane 

production (dL/hour) after adjustments for live weight was 0.13 with a repeatability of 0.32 

(Robinson et al., 2010).  

 Selection Strategies  

The objective is to reduce CH4 emissions from beef cattle to maximize productivity, 

profitability, and sustainability. However, CH4 production is a natural digestive process of 

ruminants that allows cattle to digest and ferment human non-edible plant material. Therefore, it 

is vital that the optimum balance between CH4 production and animal productivity is reached. 

High feed intake is associated with high methane production rate (MPR) in ruminants 

(Blaxter & Clapperton, 1965). Production traits such as growth are highly correlated with feed 
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intake (Arthur et al., 2001). Therefore, reducing MPR could have an unfavorable impact on 

animal productivity due to the correlation with feed intake. Herd et al. (2014) evaluated several 

ways to measure methane independent of feed intake for their phenotypic relationships with 

production traits. The methane traits evaluated were MPR (L/d), methane yield (MY; 

MPR/DMI), and four forms of residual MPR (RMP). MPR was positively correlated with DMI, 

MY, RMP, growth traits, and body composition traits (0.65 ± 0.02; 0.72 ± 0.02; 0.65 to 0.79; 

0.19 to 0.57; 0.13 to 0.29). However, MY was not correlated with DMI, growth traits, or body 

composition traits (-0.02 ± 0.04; -.03 to 0.11; 0.01 to 0.06). These results suggest that reducing 

MPR as a mitigation strategy would have a negative impact on growth and body composition 

traits. However, MY was not correlated with DMI, but was positively correlated with MPR. This 

indicates that reducing MY would have no effect on DMI or animal productivity but have a 

correlated reducing effect on MPR.   

 Development of a selection index for methane production would be the most 

advantageous mitigation strategy.  A well-constructed index with properly weighted traits would 

allow for optimum selection to reduce methane production without compromising important 

production traits. Further research is required in this area to define economic values for methane 

production and evaluate its place in a selection index.  

 Conclusion  

Methane is a potent greenhouse gas with adverse effects on the environment due to 

warming potential of the atmosphere. Enteric fermentation from ruminant animals is a source of 

methane production and represents an energetic loss for that animal. Several methods to quantify 

methane emissions from cattle exist including respiration calorimetry, the sulfur-hexafluoride 

tracer technique, prediction models, and OCGQS. The OCGQS has been proven to accurately 
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quantify methane gas flux and has the advantage that animals are unencumbered by equipment 

and can remain in their normal production environment. This allows for the quantification of 

methane emissions from grazing cattle. Although, methane production represents an energetic 

loss to animals, it is also a component of fermentation- an important digestive process. 

Therefore, adverse effects on production should be considered when selecting to reduce methane 

production. Methane emissions is a heritable trait that allows for genetic progress to made with 

selection which would best be done using a well-constructed selection index.   
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Chapter 2 - Characterization of the Number of Spot Samples 

Required for Calculation of Gas Fluxes and Metabolic Heat 

Production using an OCGQS (GreenFeed)  

 Abstract 

Enteric fermentation from cattle results in greenhouse gas production that not only is an 

environmental concern but also an energetic loss. Several methods exist to quantify gas fluxes, 

however an OCGQS allows for unencumbered quantification of methane, carbon dioxide, and 

oxygen from grazing cattle. While previous literature has proven the accuracy of an OCGQS, 

little work has been done to establish the minimum number of spot samples required to best 

evaluate an individual grazing animal’s gas fluxes and metabolic heat production. Seventeen 

grazing animals with 100 spot samples each were collected using a GreenFeed system (C-Lock, 

Inc). The mean gas fluxes and metabolic heat production were computed starting from the first 

10 visits (forward) and increasing by increments of 10 visits. Mean gas fluxes and metabolic heat 

production were also computed starting from visit 100 (reverse) using the same approach. 

Pearson and Spearman correlations were computed between the full 100 visits and each 

shortened visit interval. A large increase in correlations were seen between the 30 and 40 visit 

intervals. Mean forward and reverse gas fluxes and metabolic heat production were also 

computed starting at 30 visits and increasing by 2 visits until 40 visits. The minimum number of 

spot samples was determined when correlations with the full 100 visits was greater than 0.95. 

The results indicated that the minimum number of spot samples needed for accurate 

quantification of methane, carbon dioxide, and oxygen gas fluxes are 36-38, 40, and 38-40, 

respectively. Metabolic heat production can be calculated with gas fluxes collected with the 
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GreenFeed with 36 spot samples. Published literature recommends a similar number of total spot 

samples. However, large variation exists around the average number of spot samples for an 

animal per day, therefore a wide range of test durations are published to meet the same number 

of spot samples. For this reason, protocols for the OCGQS should be based on the total number 

of spot samples, rather than a test duration.  

 Introduction 

 Methane (CH4) is the second most abundant greenhouse gas emitted annually following 

carbon dioxide (CO2). Methane accounted for 11% of U.S. greenhouse gas emissions in 2020 

(U.S. EPA, 2021). The atmospheric lifetime of CH4 is approximately 12 years, which is much 

shorter than CO2 (which can last in the atmosphere for thousands of years). However, CH4 has a 

Global Warming Potential (GWP) of 27-30, meaning that 1 ton of CH4 will absorb 27-30 times 

more energy than 1 ton of CO2 over 100 years (U.S. EPA, 2021). While GWP is a measure of the 

potency of gases, another important consideration is that CH4 is a flow gas, meaning atmospheric 

concentration stays stagnant in part due to its role in the biogenic carbon cycle (Allen et al. 2018; 

Mitloehner, 2021). 

When categorized by emission source, 27% of U.S. CH4 emissions were produced from 

enteric fermentation of livestock species, making it the second largest source of CH4 in the 

United States behind natural gas and petroleum systems (U.S. EPA, 2021). Enteric fermentation 

is a part of the natural digestive process for animals, particularly ruminant species such as cattle, 

buffalo, sheep, goats, and camels. Microbial fermentation that occurs in the rumen allows 

ruminants to utilize forages and plant material to create high-quality protein sources from 

materials not digestible by monogastric animals, including humans. Methane is produced as a 
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by-product of this fermentation process and expelled from the animal by flatus (1-3%) and 

primarily eructation (Murray et. al, 1975, Muñoz et al. 2012).  

In addition to environmental concerns, there is also an economic loss associated with CH4 

production. Johnson & Johnson (1995) estimate that CH4 emissions represent a loss of 2-12% of 

gross energy intake. A portion of this loss could have potentially been used towards muscle or 

milk production, thus saving producers feed and increasing profitability. However, enteric 

fermentation is a very useful process that allows ruminants to upcycle low quality forages into a 

high-quality protein product. Therefore, it is important that in the process of reducing CH4 

production, animal productivity is not sacrificed, or that sacrifices in performance are utilized to 

achieve an optimum balance between methane emissions and productivity that maximizes 

profitability and environmental sustainability. 

There are a few different ways to measure CH4 emissions from cattle such as the sulfur-

hexafluoride tracer technique and respiration calorimetry techniques like whole-animal chambers 

and headboxes, as well as prediction models to estimate CH4. However, another technique to 

measure CH4 emissions is available: an open-circuit gas quantification system (OCGQS). These 

systems measure individual animal gas fluxes (methane, carbon dioxide, oxygen, hydrogen) from 

livestock species. There are several factors that affect the accuracy of the gas emission data that 

is measured. One of the most important factors is the collection protocol. There are several 

protocol parameters that need to be established prior to use of the OCGQS. One important 

parameter is the total number of emissions records for an animal from the trial period. Most of 

the protocols that exist in literature are from animals in confinement (feedlot and dairy). 

Substantial research has been done to validate and assess the accuracy of emission spot-

measurements from the OCGQS; however, little work has been done to evaluate the total number 
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of emission records necessary to best evaluate an individual grazing animal’s gas emissions and 

metabolic heat production for the purpose of genetic evaluation.  

The objective was to determine the minimum number of gas flux records required to 

accurately estimate CH4, CO2, and oxygen (O2) gas fluxes and metabolic heat production from 

an individual grazing beef cow.  

 Materials and Methods 

 Study Design 

 Methane, CO2 and O2 fluxes were collected using a OCGQS (GreenFeed, C-Lock, Inc., 

Rapid City, South Dakota). Collection of daily CH4, CO2, was performed on grazing mature 

Angus beef cows (n = 23) from the Kansas State Purebred Unit (PBU) near Manhattan, KS from 

May 23, 2021 to September 9, 2021. Three animals refused to use the system, giving a refusal 

rate of 13%. Seventeen of the twenty animals actively using the system achieved at least 100 

visits during the trial and were used in this analysis. All animal procedures were approved by the 

Institutional Animal Care and Use Committee at Kansas State University (protocol 4463) in 

accordance with Federation of Animal Science Societies (FASS, 2010) guidelines.  

 The OCGQS system used was equipped with two units mounted side-by-side on a 

bumper-pull trailer. The system has two alleyways, one leading to the feed dish of each unit to 

ensure that only one animal has access to a unit at a time. Wind barriers were mounted on either 

side of the feed dish as well as high-density polyethylene boards fastened to both sides of the 

alleyways to minimize wind. Ten feet by five feet cattle panels surrounded the trailer to limit 

animal access to the technical equipment on the trailer. The batteries that power the units were 

charged by a generator. 
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 Before using the OCGQS, each animal received a half-duplex radio frequency electronic 

ID (Allflex USA Inc.) and a body condition score was taken. Prior to gas flux collection, animals 

were exposed to the OCGQS during an acclimation period of approximately two weeks. During 

the acclimation period, alleyways were stowed upright so animals had easier access to the feed 

bins. The acclimation period was considered complete when approximately 75% of the cows 

used the OCGQS frequently. After the acclimation period was complete, alleyways were lowered 

to ensure only one animal had access to a unit at a time.  

During collection, cows freely grazed the pasture and were provided a mineral 

supplement. Animals were enticed to visit the OCGQS using alfalfa pellets approximately 7 mm 

in diameter. When an animal inserted its head into the feed dish, the system read the RFID tag, 

identified the animal, and released feed. The feed provided an incentive for animals to keep their 

head in the system so that the gas fluxes could be collected for each individual animal. Other 

studies have dropped 50g to 55g of feed at 45 second intervals up to 5 times in one feeding 

(Dorich et al., 2015; Rischewski et al., 2017; Hammond et al., 2015). However, in an effort to 

extend the total visit duration to better capture an eructation event, the protocol can be altered by 

decreasing the amount of feed dropped, shortening the drop interval, and increasing the number 

of feed drops. The system was programmed to drop approximately 25 grams of feed every 30 

seconds up to eight times during one visit. In this study, animals were allowed to visit the system 

up to 5 times per day with a minimum of two hours between visits, which encourages animals to 

visit during different times of the day to better capture the diurnal pattern of CH4 emissions 

(Gregorini, 2012).   

Raw collection data was checked and validated by C-Lock, Inc. The visit validation 

process includes checking that head proximity is higher than the low head proximity cutoff, the 
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CO2 response must be higher than the low CO2 response cutoff and the visit must be at least two 

minutes in duration. This process formed the preliminary dataset. During the final review 

process, there are several checks on standard gas calibrations, CO2 recovery tests, airflow 

correction, and wind correction.  

 Phenotypic Data 

The OCGQS calculates the emission rates of gases (Qc) in order to calculate the gas flux 

(Qm;g/d). The Qc were calculated using the following equation (Huhtanen et al., 2015): 

𝑄𝑐 = [𝐶𝑝 ∗ (𝐶𝑜𝑛𝑐 − 𝐵𝐶𝑜𝑛𝑐) ∗  𝑄𝑎𝑖𝑟]/106  

where Cp is the fractional capture rate of air, Conc is the concentration of captured gas measured 

by the OCGQS gas sensor, BConc is the background concentration of gas measured by the 

OCGQS gas sensor, and Qair is the volumetic airflow measured by the air velocity transmitter. 

Once Qc is known, the Qm, is determined as follows (Huhtanen et al. 2015; McLean and Tobin, 

1987): 

𝑄𝑚 =  𝑄𝑐 ∗ 273.15/(273.15 +  𝑇𝑎𝑖𝑟) ∗ 𝑝𝑐  

where Tair is the air temperature and pc is the density of gas at 1 atm and 273.15 K.  

 Only the first 100 visits were used in this analysis, therefore visits that exceeded 100 for 

an animal were truncated. Using the daily gas fluxes calculated as described above, average CH4, 

CO2, and O2 for each animal were computed for increasing visit intervals in 10 visit increments 

starting with the first 10 visits and increasing until the full 100 visit data set (forward) was 

utilized (F10, F20, F30, F40, F50, F60, F70, F80, F90, F100). Average CH4, CO2, and O2 were 

also calculated starting from visit number 100 (reverse) using the same approach (R10, R20, 

R30, R40, R50, R60, R70, R80, R90, R100) to determine if there were substantial differences 

due to collection time.  
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Metabolic heat production was calculated for each animal for each interval using the 

following equation (Brouwer, 1965): 

𝐻𝑃(𝑀𝑐𝑎𝑙/𝑑𝑎𝑦) = 3.866 ∗  𝑂2(𝐿) + 1.2 ∗  𝐶𝑂2(𝐿) − 0.518 ∗ 𝐶𝐻4(𝐿) − 1.431 ∗ 𝑁 

where O2, CO2, and CH4 were the average values for each animal by interval. In the current 

study, information on N (nitrogen) was unavailable and was omitted from the calculation. 

Metabolic heat production was calculated for each animal and each interval, both forward and 

reverse. 

Means and standard deviations for CH4, CO2, O2, and metabolic heat production were 

calculated for each shortened visit interval within animal using mean and standard deviation 

functions in R Studio (R Core Team, 2022). Pairwise comparisons between forward and reverse 

mean gas flux and metabolic heat production values for each interval were made using the PROC 

GLM procedure in SAS 9.4 with the LSMEANS statement. Phenotypic (Pearson and Spearman) 

correlations were also calculated for each visit interval compared to the full 100 visits with the 

correlation function in R Studio (R Core Team, 2022). In this study, the minimum recommended 

number of visits for CH4, CO2, O2, and metabolic heat production was determined when the 

Pearson and Spearman correlation was greater than 0.95, in accordance with the level used for 

the Beef Improvement Federation guidelines for feed intake and weight gain (BIF, 2021). 

Spearman correlations were utilized to determine the extent of reranking of animals between 

visit intervals and the full 100 visits. The phenotypic variance of CH4, CO2, O2 and metabolic 

heat production for the group of animals was calculated for all intervals. 

After the initial correlation analysis between each interval and the full 100 visits, the 0.95 

Pearson correlation was between 30 and 40 visits for each gas and metabolic heat production, but 

the increase in correlation between 30 and 40 visits tended to be fairly large. Thus, the 30 to 40 
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visit interval was split further into increments of two visits for both forward (F32, F34, F36, F38) 

and reverse (R32, R34, R36, R38) in a second correlation analysis for CH4, CO2, O2 and 

metabolic heat production. Means and standard deviations for CH4, CO2, O2 and metabolic heat 

production were calculated using the mean and standard deviation functions of R Studio (R Core 

Team, 2022) for each increment. Pairwise comparisons between forward and reverse mean gas 

flux and metabolic heat production values for each increment between 30 and 40 visits were 

made using the PROC GLM procedure in SAS 9.4 with the LSMEANS statement. Pearson and 

Spearman phenotypic correlations between the full 100 visits and the increments between 30 and 

40 were calculated using the correlation function in R Studio (R Core Team, 2022). The 

phenotypic variance of CH4, CO2, O2 and metabolic heat production for the group of animals was 

calculated for interval increments between 30 and 40 visits. 

 Results and Discussion 

Summary statistics for gas fluxes (CH4, CO2, and O2) and metabolic heat production are 

presented in Table 2.1. The average CH4 emissions was 353.8 g/d with a range from 106.0 g/d to 

599 g/d. In a maize silage maturity study with 60 continental crossbred steers, McGeough et al. 

(2010) reported a range of CH4 emissions (g/d) from 228 to 304, depending upon diet treatment. 

The low end of the range of CH4 emissions (g/d) from McGeough et al. (2010) was from a group 

of steers with ad libitum access to concentrate. This average is lower than the current study; 

however, that could be due to the forage-based diet eaten by cows in this study, which is known 

to be associated with higher CH4 emissions (Beauchemin and McGinn, 2005). Huhtanen et al. 

(2015) reported an average CH4 emissions of 453 g/d from Swedish Red dairy cows using a 

GreenFeed. This average is higher than the current study, which is reasonable because lactating 

dairy cows typically produce more CH4 than beef cows (Broucek 2014) due to higher nutritional 
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requirements (National Research Council, 2001). However, lactating Holstein-Friesian cows 

grazing paddocks in Waghorn et al. (2016) had methane emissions (g/d) ranging from 298 to 334 

depending upon stocking rate, which is similar to the average in the current study. Published 

meta-analyses from Jonker et al. (2020) and Huhtanen et al. (2019) reported average methane 

emissions from dairy cows of 293 g/d and 378 g/d, respectively. The average CH4 in the current 

study falls within that reported range.  

Literature including CO2 and O2 emissions is more limited compared to CH4. The 

average CO2 emissions was 10428.1 g/d with a range from 5585 g/d to 14996 g/d. Grazing 

Holstein-Friesian cows had average CO2 emissions ranging from 9360 g/d to 11500 g/d 

depending upon stocking rate (Waghorn et al. 2016). The average CO2 emissions from the 

current study falls within that reported range, though the minimums and maximums are more 

extreme. Huhtanen et al. (2015) reported an average CO2 emission of 11619 g/d for lactating 

dairy cows using a GreenFeed which is slightly higher than the current study, which is 

reasonable as lactating dairy cows have higher nutritional requirements compared to the current 

study’s population (National Research Council, 2001). Manafiazar et al. (2016) reported a range 

from 6422 g/d to 6532 g/d for beef heifers using a GreenFeed which is lower than the current 

study. Arthur et al. (2018) reported average CO2 emissions from heifers to be 5760 g/d and steers 

to be 8939 g/d. The CO2 emissions reported from Manafiazer et al. (2016) and Arthur et al. 

(2018) are lower than the average CO2 emissions from the current study. However, this is 

expected as the study populations were housed in a dry lot setting whereas the current study used 

grazing cows which are expected to have higher CO2 production due to additional energy 

expenditure from walking and grazing (Agnew and Yan, 2000; Brosh et al. 2010). In addition, 

differences between body weight and DMI for cows compared to heifers could be another reason 
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for different CO2 emissions. Using the sulfur-hexafluoride tracer technique, Pinares-Patino et al. 

(2007) reported average CO2 emissions of grazing dairy cows to be 9363 or 10496 depending on 

stocking rate. The larger average CO2 emissions reported by Pinares-Patino et al. (2007) for high 

stocking rate is very similar to the average CO2 emissions in the current study.  

Unlike CH4 and CO2 emissions that are eructated and expired from the animal, O2 

emissions are a measure of O2 consumption during respiration. In the current study, the average 

O2 flux was 7713.2 g/d with a range from 3913 g/d to 11629 g/d. The average O2 consumption 

of eight young Charolais bulls in Guarnido-Lopez et al. (2022) ranged from 4173 L/d to 4509 

L/d which equates to 5963.2 g/d to 6443.3 g/d. The average O2 consumption reported by 

Guardnido-Lopez et al. (2022) could be lower because the population studied was young 

Charolais bulls with an average BW of 382 kg while the current study used mature cows. A 

meta-analysis of respiration chamber gas flux data from dairy cows found an average O2 

consumption of 5544 L/d (7922.38 g/d), which is very similar to the average O2 consumption in 

the current study (Aubry and Yan, 2015).  

The average metabolic heat production in the current study is 27,278.2 kcal/d with a 

range from 22,068.22 to 32,391.34 kcal/d. Kumar et al. (2016) reported a range of heat 

production per metabolic body weight of Sahiwal and Karan Fries heifers from 118.20 kcal/kg0.75 

to 134.83 kcal/kg0.75 depending upon feeding regime. Heat production ranged from 5,858.01 to 

8,634.67 kcal/d, which is much lower than the average in the current study. However, this is 

expected as heifers generate far less metabolic heat than cows (West, 2003). In addition, Kumar 

et al. (2016) performed their study in India- a different country with different management, 

feeding practices, and breeds, all factors that could affect metabolic heat production. In addition, 

Kumar et al. (2016) used gas fluxes collected with a three-way valve and face mask to calculate 
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metabolic rate whereas the current study used an OCGQS which could be another reason 

estimates were different. Nkrumah et al. (2006) reported heat production per metabolic body 

weight for feedlot steers ranging from 129.32 kcal/kg0.75 to 163.97 kcal/kg0.75. Steers from 

Nkrumah et al. (2006) had metabolic BW ranging from 105.01 kg0.75 to 110.22 kg0.75. Therefore, 

the top of the range from Nkrumah et al. (2006) is 18,072.77 kcal, which is lower than the 

current study’s average. However, Nkrumah et al. (2006) studied feedlot steers fed a concentrate 

diet in a confinement setting, whereas the current study used mature cows grazing forages on 

pasture. Reynolds et al. (1991) reported that heifers consuming a concentrate diet generated less 

heat energy than heifers consuming a forage diet which could be the reason for different 

metabolic heat production between the current study and Nkrumah et al. (2006). Herd et al. 

(2020) reported metabolic heat production for steers (104 MJ/d or 24,856.59 kcal/d) and heifers 

(67 MJ/d or 16,013.38 kcal/d). Steers from Herd et al. (2020) had similar metabolic heat 

production to the cows in the current study. 

 Correlations between Intervals for CH4 emissions  

 Means and the corresponding standard deviations for CH4 emissions (g/d) for each 

interval are shown in Table 2.2 and an illustration of the means are shown in Figure 2.1 Panel A. 

The phenotypic variance of the mean forward and reverse CH4 values for all intervals are shown 

in Table 2.3. The CH4 (g/d) interval means calculated from the beginning of the study were 

numerically greater than the CH4 (g/d) interval means calculated from the end and became closer 

in value as the number of visits increased towards 100, although not significantly different. The 

numeric difference in mean values from forward and reverse approaches could have been due to 

a difference in collection time. This study took place from May to September, which was likely 

accompanied by decreasing forage quality and the maturation of warm-season grasses (George et 
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al. 2001). Mature forages have a reduced soluble carbohydrate content and more lignified plant 

cell walls which promotes acetate production in the rumen and increases CH4 production per unit 

of forage digested (Beauchemin et al. 2009; Pinares-Patino et al. 2003; Pinares-Patino et al. 

2007; Jonker et al. 2016). However, reduced forage quality is normally associated with reduced 

intake, therefore it may be that reduced forage quality does not increase the amount of CH4 

produced as a percentage of gross energy intake (Pinares-Patino et al. 2003). Therefore, the cows 

could have had lower CH4 emissions towards the end of the trial due to reduced intake stemming 

from reduced forage quality making the mean CH4 emissions from the reverse approach lower 

than the forward approach.      

The correlation between each shortened visit interval and the full 100 visits are shown in 

Table 2.4 and an illustration of correlations is shown in Figure 2.2 Panel A. The Spearman and 

Pearson correlations between the first 10 visits and 100 visits was 0.69 and 0.68, respectively for 

the forward approach. The correlation with 100 visits is still reasonably high even with the small 

number of spot samples. This result agrees with the results from Arthur et al. (2017) which found 

that with only 20 visits the variance of CH4 was reduced by 54% compared to the variance at 5 

visits. A 0.95 correlation with the full 100 visits was attained in the interval of 20 visits for 

reverse Pearson. All correlations reached 0.95 in the interval of 30 to 40 visits. Interestingly, 

between the 30 and 40 visit interval there was a large increase in correlation. For the forward 

approach, the Spearman correlation increased from 0.87 to 0.98, while the Pearson correlation 

increased from 0.93 to 0.97. To investigate the large increase in correlation between the 30 and 

40 visits intervals and extract a more precise recommendation for number of visits, the 30 to 40 

visit interval was split into smaller increments. 
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The means and standard deviations for the 30 to 40 visit increments are shown in Table 

2.5 and an illustration of the means is shown in Figure 2.3 Panel A. The phenotypic variance of 

the mean forward and reverse CH4 values for the 30 to 40 visit increments are shown in Table 

2.6. Forward means were numerically greater than the reverse means between 30 and 40 visits, 

which follows the same trend with all intervals. The correlation between the 30 to 40 visits 

increments and the full 100 visits are shown in Table 2.7 and an illustration of correlations is 

shown in Figure 2.4 Panel A. The correlation with the full 100 visits first reached 0.95 at 34 

visits for the Pearson correlation with a forward approach. At 36 visits all other combinations for 

direction of approach and type of correlation (Pearson or Spearman) had reached 0.95 except the 

Spearman correlation with a forward approach. All correlations were above 0.95 with 38 visits. 

In a grazing cattle trial, it is difficult to control the exact number of visits from each animal or 

stop the trial at an exact number of visits, although it is important to establish a minimum 

number of visits that must be completed before the trial ends. The recommended minimum 

number of visits for calculation of CH4 emissions is 36-38. Additional records beyond 38 visits 

may not be providing much additional information or needed for an accurate estimate of average 

daily CH4 emissions. Renand and Maupetit (2015) suggested that approximately 50 spot-

measures would be sufficient for calculation of CH4 emissions. The recommendation of 36-38 

visits is very similar to the recommendation from Arthur et al. (2017). Arthur et al. (2017) found 

a 70% reduction in variance after 30 records relative to the initial variance of 5 records. There 

was no substantial reduction in variance after 30 records (Arthur et al. 2017). Arthur et al. (2017) 

completed this study using both steers and heifers in a confined lot setting, which contrasts the 

current study which included cows in a grazing setting. These differences could be why the 
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recommendation in the current study is slightly greater than the recommendation from Arthur et 

al. (2017).  

In the current study, cows utilized the OCGQS for an average of 29.5 ± 8.7 days to reach 

the recommended 36-38 visits for calculation of CH4 emissions. Gunter and Bradford (2017) 

reported using a power analysis that for grazing heifers 4.8 to 6.3 days are required to accurately 

calculate CH4 flux. This recommendation is much lower than the recommendation from the 

current study and other published literature. Gunter and Bradford (2017) made their 

recommendation as animals were visiting the OCQGS 2.4 times a day whereas animals in the 

current study visited less frequently (1.2 visits/d). One reason Gunter and Bradford (2017) had a 

higher number of visits per day may be because animals were first penned with the OCQGS for 

one week during acclimation and then released to freely graze the pasture. This could have 

acclimated the animals to use the OCQGS quicker and more frequently, therefore less days were 

needed to quantify CH4 emissions. Renand and Maupetit (2016) reported that CH4 emissions 

calculated from 2 weeks of testing had a 0.69 correlation with emissions calculated from 8 weeks 

of testing and recommended a 2 week test duration with at least 50 spot samples for calculation 

of CH4 emissions. Renand and Maupetit (2016) conducted their study in confinement whereas 

the current study was conducted in a pasture which could be why the recommended test duration 

is different. A study in France (Arbre et al. 2016) reported that 17 days were required to achieve 

a repeatability of 0.70 for CH4 emissions. Gunter and Beck (2018) reported that quality CH4 

emissions could be calculated during a 14 day period when grazing animals visit the OCGQS 2.5 

times per day. Animals that visit 2.5 times per day for 14 days would have a total of 35 visits, 

which is very close to the recommendation from the current study. Although, animals in the 

current study took a greater number of days to reach the recommendation than animals from 
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Gunter and Beck (2018). The discrepancy in the number of visits an animal makes per day is one 

reason that spot sample recommendations should be a total number of visits instead of a test 

duration. 

 Correlations between Intervals for CO2 emissions  

 Means and the corresponding standard deviations of all animal’s CO2 emissions (g/d) for 

each interval are shown in Table 2.2 and an illustration of the means is shown in Figure 2.1 Panel 

B. The phenotypic variance of the mean forward and reverse CO2 values for all intervals are 

shown in Table 2.3. Mean CO2 emissions calculated with the forward approach were numerically 

greater than mean CO2 emissions calculated with the reverse approach, although not significantly 

different. There was a large numeric increase in mean CO2 emissions from 10 visits to 20 visits 

for both forward and reverse approaches. Then as the number of visits increased, the mean CO2 

from forward and reverse approaches gradually became closer numerically.  

Carbon dioxide is produced by mammals as a part of cellular respiration. Vital nutrients 

are converted to ATP in the presence of O2 and CO2 is a byproduct of the reaction. Therefore, 

CO2 production is influenced by feeding level and nutrient composition of the diet (Brouwer, 

1965, Aguerre et al. 2011). Manipulating CO2 emissions using various feed supplements has 

been attempted such as ensiled crimped grape marc (Caetano et al. 2019) and protein (Shreck et 

al. 2021), among others. Pickett et al. (2020) reported that supplementation with grain and 

ionophores did not affect CH4 emissions however, supplementation did increase CO2 emissions. 

Arthur et al. (2018) found that carbon dioxide production is strongly correlated with body weight 

and dry matter intake for steers (0.87 and 0.83, respectively) and heifers (0.84 and 0.84, 

respectively) in a confined lot setting. The reason CO2 emissions were higher when calculated 
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with the forward approach could also be attributed to the same reasons CH4 was higher with the 

forward approach.  

 The correlation between each shortened visit interval and the full 100 visits are shown in 

Table 2.4 and an illustration of the correlations is shown in Figure 2.2 Panel B. The correlation 

between the first 10 visits and the full 100 visits ranged from 0.67 to 0.92 depending upon 

direction of analysis and type of correlation with reverse approach correlations being higher than 

forward approach correlations, then eventually leveling out to approximately the same around 30 

visits. A 0.95 correlation with 100 visits was first achieved between 30 and 40 visits with all 

correlations except for reverse Spearman. The 30 to 40 visit interval was split into smaller 2 visit 

increments.  

The means and standard deviations for the 30 to 40 visit increments are shown in Table 

2.5 and an illustration of the means is shown in Figure 2.3 Panel B. The phenotypic variance of 

the mean forward and reverse CO2 values for the 30 to 40 visit increments are shown in Table 

2.6. Forward approach means were numerically greater than the reverse approach means between 

30 and 40 visits, which follows the same trend as the analysis with all intervals and CH4 

emissions trends. The correlation between the 30 to 40 visit increments and the full 100 visits are 

shown in Table 2.7 and an illustration of correlations is shown in Figure 2.4 Panel B. A 0.95 

correlation with the full 100 visits was first accomplished at 34 visits with the forward Spearman 

correlation and remained the only correlation greater than 0.95 for 36 visits as well. At 38 visits, 

both forward correlations were above 0.95, while both reverse correlations still had not met the 

0.95 threshold. It is important to mention that forward correlations may be more important for 

determining the minimum number of visits needed because all trials proceed forward. All 
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correlations were above 0.95 at 40 visits except for the reverse Spearman correlation. The 

recommended number of visits for calculation of CO2 emissions is 40 visits.  

The recommendation of 40 visits for CO2 is similar to the recommendation of 36-38 

visits for CH4 in the current study. Carbon dioxide and CH4 were found to have a strong linear 

relationship in dairy cattle (Aubry and Yan, 2015) and a correlation of 0.48 (Liu et al. 2012). 

Thus, it is reasonable that similar number of visits would be necessary for CH4 and CO2. 

However, the residual variability is typically larger for CH4 emissions compared to CO2 

emissions because of the circadian patterns of CH4 emission (Renand and Maupetit, 2016), 

whereas CO2 is emitted in more constant manner (Gunter and Beck, 2018). It is interesting that 

the required number of visits for CO2 is larger than the number of visits for CH4. Arthur et al. 

(2017) made a similar recommendation of a minimum of 30 records for calculation of CO2 

emissions. Once again, the study population and environment were different for the current study 

compared to Arthur et al. (2017) which could be why there is a slight difference in the number of 

visit recommendations. 

In the current study, an average of 31.8 ± 9.2 days were needed for animals to meet the 

recommended 40 visits to the OCGQS for quantification of CO2 gas flux. Using a power 

analysis, Gunter and Bradford (2017) reported that 3.4 to 3.8 days were required to quantify CO2 

emissions when animals visited the OCGQS 2.4 times per day. The recommendation from 

Gunter and Bradford (2017) is much lower than the recommendation from the current study. 

Once again, Gunter and Bradford (2017) utilized a unique acclimation procedure which could be 

why animals visited the OCGQS more frequently and perhaps why less visits were needed. 

Gunter and Beck (2018) reported that CO2 emissions could be accurately calculated during a 14 

day period when grazing animals visited the OCGQS 2.5 times per day. If an animal visits the 
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OCGQS 2.5 times per day for 14 days, the total number of visits is 35, which is very close to the 

recommendation from the current study.  

 Correlations between Intervals for O2 emissions  

 Means and the corresponding standard deviations for O2 consumption (g/d) for each 

interval are shown in Table 2.2 and an illustration of the means is shown in Figure 2.1 Panel C. 

The phenotypic variance of the mean forward and reverse O2 values for all intervals are shown in 

Table 2.3. Means calculated with a forward approach are numerically greater than means 

calculated with a reverse approach, although not significantly different. Means gradually become 

closer as number of visits increased towards 100. Unlike CH4 and CO2 which are waste by-

products of biological processes exhaled from the body, O2 is inhaled as an essential reactant for 

the production of ATP. However, similar to the trends for CH4 and CO2, animals in the current 

study consumed less O2 towards the end of the trial making means from the reverse approach 

numerically smaller. Lower O2 consumption is expected as feed intake decreases (Blaxter, 1962). 

As previously discussed, cows could have had lower intake at the end of the trial due to a 

decrease in forage quality, resulting in lower CH4, CO2, and O2 gas fluxes lower.  

The correlation between each shortened visit interval and the full 100 visits are shown in 

Table 2.4 and an illustration of the correlations is shown in Figure 2.2 Panel C. A 0.95 

correlation with the full 100 visits was first achieved at 20 visits for the reverse Pearson 

correlation, while others still ranged from 0.81 to 0.91 at 20 visits. The reverse Pearson 

correlation dropped to 0.94 at 30 visits and then returned to 0.95 at 40 visits. Between 30 and 40 

visits, all correlations with the full 100 visits were above 0.95. Both forward and reverse 

Spearman correlations experienced a large increase in correlation between 30 and 40 visits which 

is why the 30 to 40 visit interval was split into 2 visit increments and examined more precisely.  
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The means and standard deviations for the 30 to 40 visit increments are shown in Table 

2.5 and an illustration of the means is shown in Figure 2.3 Panel C. The phenotypic variance of 

the mean forward and reverse O2 values for the 30 to 40 visit increments are shown in Table 2.6.  

Following the same trend as other gases, the means calculated with the reverse approach were 

numerically smaller than the means from the forward approach. The correlation between the 30 

to 40 visit increments and the full 100 visits are shown in Table 2.7 and an illustration of 

correlations is shown in Figure 2.4 Panel C. The reverse Pearson correlation was the first 

correlation to reach 0.95 at 32 visits. At 34 and 36 visits, 2 correlations had reached 0.95. All 

correlations were above 0.95 at 38 visits except for reverse Spearman. At 40 visits, all 

correlations with the full 100 visits had reached 0.95. The minimum recommended number of 

visits for calculation of O2 consumption is 38-40 visits.  

The recommendation of 38-40 visits for the calculation of O2 consumption is similar to 

the current study’s recommendation for CH4 and CO2. Aubry and Yan (2015) found that CO2 

and O2 had a strong positive linear relationship (R2 = 0.92) as did CH4 and O2 (R
2 = 0.86). Thus, 

it is logical that number of visit recommendations would be similar among gases. One of the 

only other studies that evaluated the optimal number of visits for gas flux data collection from an 

OCGQS (Arthur et al. 2017) only examined CH4 and CO2, not O2. 

Animals in the current study needed an average of 30.52 ± 9.1 days to achieve the 

recommended 38-40 spot samples for the quantification of O2 gas flux. Gunter and Bradford 

(2017) reported that 3.7 to 4.1 days were required to calculate O2 consumption when animals 

visited the OCGQS 2.4 times per day based on a power analysis. This is a much lower 

recommendation than the current study and other published literature. Gunter and Beck (2018) 

reported that O2 consumption can be calculated in 14 days when grazing animals visited the 
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OCGQS 2.5 times per day for a total of 35 visits, which is similar to the recommendation in the 

current study.     

 Correlations between Intervals for Metabolic Heat Production 

Means and the corresponding standard deviations for metabolic heat production (kcal) for 

each interval are shown in Table 2.2 and an illustration of the means is shown in Figure 2.1 Panel 

D. The phenotypic variance of the mean forward and reverse metabolic heat production values 

for all intervals are shown in Table 2.3. The mean metabolic heat production calculated from the 

forward approach were numerically greater than the means from the reverse approach, although 

not significantly different. This follows the same trend as CH4, CO2, and O2 which is reasonable 

and would be expected as these gasses were used in the calculation of metabolic heat production. 

Feed intake and muscular activity are two factors that influence metabolic heat production in 

domestic animals (Blaxter, 1989). If animals had lower intake during the end of the trial, gas 

fluxes would be lower as well as metabolic heat production. 

 The correlation between each shortened visit interval and the full 100 visits are shown in 

Table 2.4 and an illustration of the correlations is shown in Figure 2.2 Panel D. A 0.95 

correlation with the full 100 visits was first found at 20 visits for the reveres Pearson correlation 

but then dropped below 0.95 for 30 visits. The same pattern was seen in the O2 consumption 

correlations, which makes sense as oxygen is highly influential in the calculation of metabolic 

heat production (Brouwer et al. 1965). Three correlations were above 0.95 at 40 visits and all 

correlations were above 0.95 at 50 visits. A large increase in correlation with the full 100 visits 

was found between 30 and 40 visits therefore the 30 visit interval was again split into 2 visit 

increments for analysis.  
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The means and standard deviations for the 30 to 40 visit increments are shown in Table 

2.5 and an illustration of the means is shown in Figure 2.3 Panel D. The phenotypic variance of 

the mean forward and reverse metabolic heat production values for the 30 to 40 visit increments 

are shown in Table 2.6.  Following the same trend as the gas fluxes, the forward approach means 

for metabolic heat production were numerically higher than the reverse approach means. The 

correlation between the 30 to 40 visit increments and the full 100 visits are shown in Table 2.7 

and an illustration of correlations is shown in Figure 2.4 Panel D. A 0.95 correlation with the full 

100 visits first was reached at 36 visits with all correlations except reverse Spearman. Thus, the 

minimum recommended number of visits for the calculation of metabolic heat production using 

gas fluxes is 36 visits. The recommendation of 36 visits for the calculation of metabolic heat 

production is similar to the number of visit recommendations for other gases in the current study. 

This is expected as the CH4, CO2, and O2 gas fluxes were used for the calculation of metabolic 

heat production.  

In the current study, animals needed 29.5 ± 8.7 days to reach the recommended 36 spot 

samples for the calculation of metabolic heat production. Herd et al. (2020) used an OCGQS to 

collect gas fluxes for calculation of metabolic heat production in steers and heifers. Herd et al. 

(2020) collected gas fluxes on steers for 10 weeks as a part of a larger feeding test and on heifers 

for 15 days following acclimation. However, Herd et al. (2020) did not evaluate the accuracy of 

metabolic heat production calculated from these test durations. Currently, no other published 

literature is available on the recommended number of visits to an OCQGS required to calculate 

metabolic heat production for comparison.  
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 Conclusion 

 The results from the current study suggest that the number of spot samples required for 

accurate calculation of CH4, CO2, and O2 gas fluxes with an OCGQS are 36-38, 40, and 38-40 

spot samples, respectively. This recommendation is similar to previously published 

recommendations. This study also suggests that metabolic heat production can be calculated 

from gas fluxes collected with an OCGQS with 36 spot samples. If only collecting CH4 gas flux, 

there is an opportunity to only collect 36 spot samples. However, if collecting all gases 

simultaneously, 40 spot samples are needed to meet the recommendation for CO2 and O2.  

 Animals met the required number of visits for quantification of CH4 emissions and 

metabolic heat production in 29.5 ± 8.7 days. It took animals 30.5 ± 9.1 days and 31.8 ± 9.2 days 

to meet the required number of visits for calculation of O2 and CO2, respectively. A large range 

of test durations exist in the literature and there is variation in the average number of visits per 

day which is why protocols for the OCGQS should include the number of spot samples rather 

than a test duration (d).   
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Table 2.1-Summary statistics for gas fluxes and metabolic heat production calculated using 

the first 100 visits to the open-circuit gas quantification system. 

 
 n Mean Minimum Maximum 

Standard 

Deviation 

CH4, g/d 17 353.8 106.0 599 83.7 

CO2, g/d 17 10,428.1 5,585 14,996 1,754.7 

O2, g/d 17 7,713.2 3,913 11,629 1,325.1 

Metabolic 

Heat 

Production, 

kcal/d 

17 27,278.2 22,068.2 32,391.3 3,089.2 
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Table 2.2- Means (SD) for all animals for methane (CH4 g/d), carbon dioxide (CO2 g/d), oxygen (O2 g/d) and metabolic heat 

production (kcal/d) across all visit intervals. 

Gas Direction 10 visits 20 visits 30 visits 40 visits 50 visits 60 visits 70 visits 80 visits 90 visits 100 visits 

CH4, g/d 

Forward 
358.2a 

(41.9) 

362.3a 

(46.0) 

358.0a 

(48.6) 

358.3a 

(49.4) 

357.7a 

(50.8) 

358.1a 

(51.0) 

355.9a 

(51.0) 

354.3a 

(50.0) 

353.7a 

(49.9) 

352.9a 

(50.0) 

Reverse 
346.0a 

(59.8) 

347.0a 

(52.0) 

345.0a 

(48.7) 

345.3a 

(49.3) 

348.0a 

(50.6) 

349.6a 

(52.1) 

351.3a 

(52.4) 

350.9a 

(52.7) 

352.4a 

(52.5) 

352.9a 

(50.0) 

CO2, g/d 

Forward 
10,493.4a 

(1,339) 

10,618.2a 

(1,164) 

10,634.1a 

(1,221) 

10,623.6a 

(1,256) 

10,622.4a 

(1,242) 

10,580.9a 

(1,227) 

10,510.9a 

(1,193) 

10,456.9a 

(1,164) 

10,432.6a 

(1,132) 

10,399.6a 

(1,134) 

Reverse 
10,083.8a 

(1,286) 

10,163.2a 

(1,061) 

10,126.6a 

(1,076) 

10,130a 

(1,080) 

10,180.5a 

(1,093) 

10,257.5a 

(1,116) 

10,305.5a 

(1,144) 

10,352.3a 

(1,181) 

10,390.6a 

(1,162) 

10,399.6a 

(1,134) 

O2, g/d 

Forward 
7,815.1a 

(946) 

7,855.0a 

(893) 

7,845.9a 

(951) 

7,858.2a 

(996) 

7,863.9a 

(976) 

7,836.4a 

(957) 

7,779.5a 

(927) 

7,737.2a 

(908) 

7,715.2a 

(889) 

7,693.6a 

(887) 

Reverse 
7482.4a 

(969) 

7,511.8a 

(855) 

7,481.1a 

(854) 

7,484.8a 

(843) 

7,530.0a 

(844) 

7,590.2a 

(862) 

7,630.1a 

(896) 

7,656.4a 

(919) 

7,680.0a 

(911) 

7,693.6a 

(887) 

Metabolic 

Heat 

Production, 

kcal 

Forward 27,663.1a 27,848.8a 27,838.6a 27,864.9a 27,880.1a 27,778.1a 27,580.5a 27,432.2a 27,357.5a 27,278.2a 

Reverse 26,507.1a 26,637.2a 26,532.3a 26,544.2a 26,696.9a 26,908.8a 27,046.3a 27,148.3a 27,236.0a 27,278.2a 

aIndicate no significant differences between forward or reverse interval means (P < 0.05). 
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Table 2.3-Phenotypic variance of the mean forward and reverse values from all animals for each interval for methane (CH4 

g/d), carbon dioxide (CO2 g/d), oxygen (O2 g/d) and metabolic heat production (kcal/d). 

  

Gas Direction 10 visits 20 visits 30 visits 40 visits 50 visits 60 visits 70 visits 80 visits 90 visits 100 visits 

CH4, g/d 
Forward 1,658.9 1,995.0 2,232.0 2,304.9 2,430.0 2,454.3 2,456.6 2,355.7 2,345.8 2,361.4 

Reverse 3,375.4 2,551.7 2,237.1 2,288.5 2,414.8 2,560.9 2,591.2 2,615.6 2,595.1 2,361.4 

CO2, g/d 
Forward 1,688,418 1,276,015 1,403,901 1,485,665 1,452,722 1,418,761 1,341,212 1,276,968 1,208,146 12,10876 

Reverse 1,558,351 1,059,527 1,090,063 1,099,193 1,126,003 1,173,556 1,232,387 1,314,619 1,272,180 12,10876 

O2, g/d 
Forward 843,395.3 751,093.2 852,799.6 934,983 898,316.1 862,381.6 809,918.1 777,401.1 744,727.6 742,131.2 

Reverse 885,489.3 689,431 686,723.5 670,339.2 671,134.9 700,410.4 755,765.7 795,191.3 782,122.4 742,131.2 

Metabolic 

Heat 

Production, 

kcal 

Forward 10,727,114 9,172,749 10,382,150 11,299,402 10,893,190 10,480,824 9,848,375 9,429,231 9,000,816 8,982,075 

Reverse 10,914,998 8,216,359 8,254,679 8,107,512 8,142,437 8,504,256 9,132,183 9,647,215 9,454,059 8,982,075 
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Table 2.4- Spearman and Pearson correlations for each shortened number of visits interval and the full 100 visits for methane 

(CH4 g/d), carbon dioxide (CO2 g/d), oxygen (O2 g/d), and metabolic heat production (kcal/d). 

Gas 
Direction Analysis 

10 

visits 

20 

visits 

30 

visits 

40 

visits 

50 

visits 

60 

visits 

70 

visits 

80 

visits 

90 

visits 

100 

visits 

CH4, g/d 

Forward 
Spearman 0.69 0.82 0.87 0.98 0.99 0.99 0.99 0.98 0.99 1 

Pearson 0.68 0.86 0.93 0.97 0.98 0.99 0.99 0.99 0.99 1 

Reverse 
Spearman 0.83 0.90 0.89 0.96 0.96 0.96 0.96 0.97 0.98 1 

Pearson 0.89 0.95 0.96 0.98 0.98 0.98 0.99 0.99 0.99 1 

CO2, g/d 

Forward 
Spearman 0.70 0.86 0.93 0.95 0.95 0.98 0.98 0.99 0.99 1 

Pearson 0.67 0.82 0.93 0.96 0.97 0.98 0.99 0.99 0.99 1 

Reverse 
Spearman 0.89 0.97 0.88 0.93 0.92 0.95 0.95 0.97 0.98 1 

Pearson 0.92 0.95 0.94 0.95 0.96 0.97 0.98 0.99 0.99 1 

O2, g/d 

Forward Spearman 0.65 0.81 0.94 0.97 0.98 0.98 0.99 0.99 0.99 1 

Pearson 0.72 0.86 0.94 0.96 0.97 0.98 0.99 0.99 0.99 1 

Reverse Spearman 0.88 0.91 0.90 0.95 0.96 0.98 0.98 0.99 1 1 

Pearson 0.93 0.95 0.94 0.95 0.97 0.98 0.98 0.99 0.99 1 

Metabolic 

Heat 

Production, 

kcal/d 

Forward Spearman 0.67 0.81 0.90 0.95 0.97 0.99 0.99 0.99 1 1 

Pearson 0.71 0.86 0.94 0.96 0.97 0.98 0.99 0.99 0.99 1 

Reverse Spearman 0.85 0.91 0.91 0.94 0.96 0.98 0.99 0.99 0.99 1 

Pearson 0.93 0.95 0.94 0.95 0.97 0.97 0.98 0.99 0.99 1 
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Table 2.5- Means (SD) for each shortened increment between 30 and 40 visits and the full 100 visits for methane (CH4 g/d), 

carbon dioxide (CO2 g/d), oxygen (O2 g/d), and metabolic heat production (kcal/d). 

aIndicate no significant differences between forward or reverse interval means (P < 0.05). 

  

Gas Direction 30 visits 32 visits 34 visits 36 visits 38 visits 40 visits 

CH4, g/d 

Forward 
358.07a 

(48.69) 

359.05a 

(49.48) 

358.98a 

(50.06) 

358.49a 

(49.94) 

357.91a 

(48.95) 

358.33a 

(49.48) 

Reverse 
345.07a 

(48.75) 

343.93a 

(48.89) 

344.62a 

(49.14) 

344.83a 

(48.84) 

344.79a 

(49.13) 

345.35a 

(49.31) 

CO2, g/d 

Forward 
10,634.1a 

(1,221.3) 

10,653.5a 

(1,225.3) 

10,640.0a 

(1,225.7) 

10,629.1a 

(1,234.1) 

10,619.1a 

(1,242.6) 

10,623.6a 

(1,256.3) 

Reverse 
10,126.6a 

(1,076.1) 

10,134.4a 

(1,077.7) 

10,113.9a 

(1,068.6) 

10,114.9a 

(1,069.9) 

10,122.4a 

(1,079.5) 

10,130a 

(1,080.6) 

O2, g/d 

Forward 
7,845.9a 

(951.8) 

7,861.8a 

(952.8) 

7,852.3a 

(962.7) 

7,854.9a 

(971.3) 

7,852.3a 

(984.5) 

7858.2a 

(996.7) 

Reverse 
7,481.1a 

(854.1) 

7,490.4a 

(846.3) 

7,470.8a 

(835.7) 

7,471.6a 

(835.6) 

7,477.4a 

(840.4) 

7484.8a 

(843.9) 

Metabolic Heat 

Production, kcal/d 

Forward 27,838.6a 27,893.4a 27,858.9a 27,859.3a 27,846.4a 27,864.9a 

Reverse 26,532.3a 26,563.5a 26,496.7a 26,499.2a 26,526.7a 26,544.2a 
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Table 2.6-Phenotypic variance of the mean forward and reverse values from all animals for interval increments between 30 

and 40 visits for methane (CH4 g/d), carbon dioxide (CO2 g/d), oxygen (O2 g/d) and metabolic heat production (kcal/d). 

  

Gas Direction 30 visits 32 visits 34 visits 36 visits 38 visits 40 visits 

CH4, g/d 
Forward 2,232.0 2,304.4 2,359.0 2,347.2 2,255.8 2,304.9 

Reverse 2,237.1 2,249.6 2,273.0 2,245.0 2,272.0 2,288.5 

CO2, g/d 
Forward 1,403,901 1,413,144 1,414,053 1,433,540 1,453,437 1,485,665 

Reverse 1,090,063 1,093,258 1,074,826 1,077,369 1,096,802 1,099,193 

O2, g/d 
Forward 852,799.6 854,560.2 872,383.2 888,021.7 912,264.8 934,983 

Reverse 686,723.5 674,207.9 657,453.1 657,262.5 664,828.6 670,339.2 

Metabolic Heat 

Production, 

kcal/d 

Forward 10,382,150 10,411,648 10,577,131 10,763,610 11,033,407 11,299,402 

Reverse 8,254,679 8,141,997 7,952,487 7,953,584 8,057,674 8,107,512 
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Table 2.7-Spearman and Pearson correlations for each shortened number of visits interval between 30 and 40 visits and the 

full 100 visits for methane (CH4), carbon dioxide (CO2), oxygen (O2), and metabolic heat production (kcal/d). 

Gas Direction Analysis 30 visits 32 visits 34 visits 36 visits 38 visits 40 visits 100 visits 

CH4, g/d 

Forward 
Spearman 0.87 0.90 0.89 0.92 0.95 0.98 1 

Pearson 0.93 0.94 0.95 0.96 0.96 0.97 1 

Reverse 
Spearman 0.89 0.90 0.94 0.97 0.96 0.96 1 

Pearson 0.96 0.97 0.97 0.98 0.98 0.98 1 

CO2, g/d 

Forward 
Spearman 0.93 0.93 0.95 0.95 0.95 0.95 1 

Pearson 0.93 0.94 0.94 0.94 0.95 0.96 1 

Reverse 
Spearman 0.88 0.89 0.89 0.90 0.91 0.93 1 

Pearson 0.94 0.94 0.94 0.94 0.94 0.95 1 

O2, g/d 

Forward 
Spearman 0.94 0.93 0.95 0.94 0.97 0.97 1 

Pearson 0.94 0.94 0.94 0.95 0.96 0.96 1 

Reverse 
Spearman 0.90 0.92 0.92 0.94 0.94 0.95 1 

Pearson 0.94 0.95 0.95 0.95 0.95 0.95 1 

Metabolic 

Heat 

Production, 

kcal/d 

Forward 
Spearman 0.90 0.93 0.94 0.95 0.96 0.96 1 

Pearson 0.94 0.94 0.94 0.95 0.96 0.96 1 

Reverse 
Spearman 0.91 0.93 0.93 0.94 0.94 0.94 1 

Pearson 0.94 0.94 0.94 0.95 0.95 0.95 1 
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Figure 2.1- Panel A- Mean CH4 emissions (g/d) for all animals throughout the 100 visit test, 

Panel B- Mean CO2 emissions (g/d) for all animals throughout the 100 visit test, Panel C- 

Mean O2 consumption (g/d) for all animals throughout the 100 visit test, Panel D- Mean 

metabolic heat production (kcal/d) for all animals throughout the 100 visit test.   
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Figure 2.2- Spearman and Pearson correlations between visit intervals and the full 100  

visits. Panel A- CH4 (g/d), Panel B- CO2 (g/d), Panel C- O2 (g/d), Panel D- metabolic heat 

production (kcal/d).  
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Figure 2.3- Panel A- Mean CH4 (g/d) for all animals during visits 30 through 40, Panel B- 

Mean CO2 (g/d) for all animals during visits 30 through 40, Panel C- Mean O2 (g/d) for all 

animals during visits 30 through 40, Panel D- Mean metabolic heat production (kcal/d) for 

all animals during visits 30 through 40.   
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Figure 2.4- Spearman and Pearson correlations between shortened visit intervals between 

30 to 40 visits and the full 100 visits for Panel A- CH4 (g/d), Panel B- CO2 (g/d), Panel C- O2 

(g/d), Panel D- metabolic heat production (kcal/d).  
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Chapter 3 - Genetic Evaluation of Feed and Water Intake Behaviors 

 Abstract 

Feed and water intake are two important aspects of cattle production that greatly impact 

the profitability, efficiency, and sustainability of producers. Feed and water intake have been 

studied previously, however there is little research on their associated animal behaviors and there 

is a lack of standardized phenotypes for these behaviors. Feed and water intakes obtained with an 

Insentec system (Hokofarm Group, The Netherlands) from 830 crossbred steers were used to 

compute five intake behaviors for both feed and water: number of sessions (NS), intake rate (IR), 

session size (SS), time per session (TS), and session interval (SI). Variance components and 

heritabilities were estimated for each trait. Heritabilities for feed intake behaviors were 0.50 ± 

0.12, 0.63 ± 0.12, 0.40 ± 0.13, 0.35 ± 0.12, and 0.60 ± 0.12 for NS, IR, SS, TS, and SI, 

respectively. Heritabilities for water intake behaviors were 0.56 ±0.11, 0.88 ± 0.07, 0.70 ± 0.11, 

0.54 ± 0.12, and 0.80 ± 0.10 for NS, IR, SS, TS, and SI, respectively. Dry matter intake (DMI) 

and daily water intake (DWI) had heritabilities of 0.57 ± 0.11-0.12 and 0.44 ± 0.11. Phenotypic 

correlations varied between pairs of traits. Genetic correlations between DMI and feed intake 

behaviors were moderate to high, while genetic correlations between DWI and water intake 

behaviors were low to moderate. Several significant SNPs were identified for the feed and water 

intake behaviors. Genes and previously reported quantitative trait loci near significant SNPs 

were evaluated. The results indicated that feed and water intake behaviors are influenced by 

genetic factors and are heritable therefore, improvement could be made through genetic 

selection.  
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 Introduction 

 Several factors affect the sustainability of the beef industry, including genetic selection 

for economically relevant, heritable traits. Genetic improvement of feed and water efficiency are 

two traits that could have a large impact on the sustainability of the beef industry. For example, 

feed is the largest single cost item of a livestock operation (USDA NASS, 2019). One way to 

reduce feed costs is to improve feed efficiency. In addition, water is often viewed as a cheap and 

unlimited resource in a beef operation and is therefore ignored. However, access to clean 

drinking water is becoming more critical as drought and other environmental events lead to 

variable water availability and quality (Nardone, 2010). Improving the efficiency of feed and 

water use in the beef industry could help sustain individual farm and ranch operations.  

One aspect of feed and water intake is the associated animal behavior. There is limited 

research on feed and especially water intake behavior. Standard feed intake behavior phenotypes 

have not been established in the industry; however, number of meals (per d), time at feeder 

(min/d), time per meal (min), meal size (g DM), eating rate (g DM/min), and visits to the feeder 

(per d) are feed behavior characteristics previously defined in literature (Montanholi et al. 2010; 

Robinson and Oddy, 2004, Nkrumah et al., 2007).  Early work in feeding behavior required 

animals to be penned and fed individually with a form of bunk attendance monitoring. 

Schwartzkopf-Genswein et al. (2002) used a GrowSafe radio frequency antenna system to 

monitor bunk attendance frequency and duration and found cattle that spent more time at the 

bunk ate more and gained weight faster. Nkrumah et al. (2007) used the GrowSafe automated 

feed intake system to measure feed intake and feeding behaviors, which indicated that feeding 

behavior could be a source of variation in growth efficiency 
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 The development of systems that track individual feed and water intake has been rapidly 

advancing research in this area. This equipment can provide insight into feeding behaviors of 

individual animals and variation in performance not available from pen data. This equipment 

also allows animals to remain in groups within a pen so that group dynamics and social behavior 

remain intact. 

 Literature available on water intake behavior is even more scarce than on feed intake 

behavior. Ahlberg et al. (2019) reported that water intake is moderately heritable (0.39). Water 

intake behavior is affected by animal health (Sowell et al. 1999) and environmental factors such 

as temperature humidity index (Arias and Mader, 2011; Ahlberg et al. 2018), but the relationship 

between behavior and water intake has not yet been explored.  

The objectives of this study were to identify feed and water intake behavior traits, 

estimate heritability and variance components for these traits, examine their relationship to feed 

and water intake and perform a genome-wide association study to identify regions of the genome 

associated with feed and water intake behaviors.   

 Materials and Methods 

 Study Population and Design  

 Water and feed intakes were collected at the Willard Sparks Beef Research Center at 

Oklahoma State University in Stillwater, OK from 830 steers using an Insentec system 

(Hokofarm Group, The Netherlands) over seven feeding periods from May 2014 to May 2018 

(Table 3.1). Steers within each group were placed into four pens that were equipped with one 

water bunk and six feed bunks per pen. Pens were 11.27 m by 31.85 m (358.95 m2) with 103.0 

m2 of shaded space. Bunks were in the shaded area of the pen.  
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Steers were sourced from sale barns in the south and great plains as well as Oklahoma 

State University herds. Steers were visually evaluated and those with Bos indicus attributes (such 

as excessively loose skin and/or large elongated ears) were removed from the trial because Bos 

indicus cattle are known to consume less water (Winchester and Morris, 1956; Brew et al., 

2011). Upon arrival, a plastic identification tag and a passive half-duplex radio frequency 

electronic identification (eID; Allflex USA Inc., Dallas-Fort Worth, TX) were placed in the left 

ear of all steers. During processing, steers were weighed (iBW) and implanted with Compudose 

(Elanco Animal Health, Greenfield, IN), containing estradiol 17ß (E2 ß). Following processing, 

animals were grouped by iBW into high iBW and low iBW groups and randomly assigned one of 

four pens, with approximately 30 steers per pen. Animals were blocked by iBW as a proxy for 

size so that bunk gates could be set to the appropriate height; if gates were set too low to 

accommodate the smaller animals, larger animals could access the feed bunks without the system 

reading their tag. Animals acclimated to the pens and the Insentec system for 21 d prior to the 

start of each feeding period, and those that failed to acclimate were removed from the trial. The 

acclimation period was followed by a 70 d feed and water intake testing period in accordance 

with the Beef Improvement Federation standard test guidelines for feed intake and body weight 

(BW) gain (BIF, 2021). Individual BW was measured at the end of the acclimation period, every 

14 d during the trial, and at the end of the trial period. 

Steers were fed a growing ration consisting of 15% cracked corn, 51.36% wet corn gluten 

feed, 28.44% prairie hay, and 5.20% supplement for the duration of the trial. Ration samples 

were taken weekly, composited at the end of the trial and analyzed by Dairy One, Inc. (Ithaca, 

New York) to determine dry matter and gross energy estimates. Gross energy values varied from 

18.26 to 19.91 MJ/kg of dry matter. The average dry matter for groups ranged from 70.04% to 
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74.02%, which was used to calculate dry matter intake (DMI) from feed intake. Bunk 

management for groups 1-3 followed a slick bunk protocol and groups 4-7 had ad libitum access 

to feed. Animals had ad libitum access to water, regardless of feed bunk management. Groups 1, 

3, 4, and 6 were on trial during the summer season and groups 2, 5, and 7 were on trial during the 

winter season. Environmental variable averages for each group are described in Ahlberg et al. 

(2018). All animal procedures were approved by the Institutional Animal Care and Use 

Committee at Oklahoma State University (protocol AG13-18) in accordance with Federation of 

Animal Science Societies (FASS, 2010) guidelines. 

 Data Filtering  

 The Insentec bunk system recorded individual feed intake and water intake events (kg) on 

a per animal basis using eID tags and the Roughage Intake Control software system. The 

Roughage Intake Control software calculates an intake event record by subtracting the ending 

bunk weights from the starting weights and also records the start and end times for the visit. 

During the trial, animals were allowed an unlimited number of visits to any bunk. Feed intake 

and water intake events were filtered to ensure data quality as described in Ahlberg et al. (2018) 

and Allwardt et al. (2017). Briefly, records that had a greater end weight than start weight were 

removed. Records with a length of time shorter than 5 seconds or longer than 3600 seconds were 

removed, and intake records with values substantially larger than the bunk capacity were also 

edited out of the dataset. If an animal was ill and required treatment, the records on the day 

before, day of, and day after treatment were removed. All records from days animals were 

weighed or when equipment malfunctioned were removed. Feed intake and water intake event 

records were summed by animal for each day to obtain daily feed intake and daily water intake 
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(DWI). Daily feed intakes were converted to daily dry matter intake (DMI) using the average 

feed dry matter percentage for each group. 

 Genotyping  

 On a day when steers were weighed, two blood samples were taken from the jugular vein 

to obtain DNA. Blood samples were collected in a 10 mL BD vacutainer tube containing 1.5 mL 

of the anticoagulant acid citrate dextrose. Whole blood samples were centrifuged to obtain white 

blood cells from which DNA was extracted using a phenol:choloroform:isoamyl alcohol 

extraction and ethanol precipitation. Five hundred nanograms of DNA was sent to GeneSeek 

(Lincoln, NE) for genotyping on the GeneSeek Genomic Profiler Bovine High Density 

genotyping array (GGP HD150K). Quality control filtering of genotypes included removing 

markers with a minor allele frequency less than 0.05 and markers with a single nucleotide 

polymorphism (SNP) call rate less than 0.90, leaving 123,912 SNPs for analysis.  

 Breed Composition  

 Full details on breed composition calculations are described in Ahlberg et al. (2019). 

Briefly, true breed composition of most animals was unknown, so breed composition was 

estimated for all animals using individual genotypes within a regression framework developed by 

Chiang et al. (2010). The following model was used to predict breed composition: 

y = Xb + e 

where y is a vector containing the scaled number of copies of allele B for an animal, X is a 

36,403 by 16 matrix of frequencies for allele B (36,403 allele frequencies for 16 breeds) and b is 

a vector of regression coefficients that represents the percentage of each breed for each 

individual animal in y, and e is a vector of random residuals. The 16 breeds were as follows: 

Angus, Red Angus, Brahman, Braunvieh, Chiangus, Charolais, Gelbvieh, Hereford, Limousin, 
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Maine Anjou, Salers, Shorthorn, Simmental, Holstein, Jersey, and Brown Swiss. Percentage 

estimates were grouped into four different biological types (British, Continental, Bos. indicus, 

and dairy) because most breeds had relatively low levels of inclusion, which limits estimation of 

breed-specific effects. 

 Carcass Information  

 Following the initial 70 d intake trial used in this analysis, animals also went through a 70 

d period of incremental water restriction (Shaffer, 2022). After the completion of the trial, steers 

were removed from the Insentec facility, placed in finishing lots to be managed as a group, and 

transitioned to a finishing ration. The finishing diet consisted of 57.5% cracked corn, 30% wet 

corn sweet bran, 7.0% prairie hay and 5.5% supplement. Final body weights were taken within 

24 hours of steers being sent to a processing plant. Carcasses were chilled at the plant for at least 

24 hours post slaughter before they were evaluated for marbling (MARB), rib eye area (REA), 

and back fat thickness measured at the 12th rib (BFAT). Marbling scores, REA, and BFAT were 

collected using a camera system at the harvest plant or by trained personnel. Marbling scores that 

were not recorded as a numeric value were converted as reported by Nephawe (2004) so that all 

MARB scores were on the same scale.  

 Behavioral Data  

Five behavior traits were analyzed for both feed and water intake: number of sessions 

(NS), session size (SS), time per session (TS), session interval (SI), and intake rate (IR).  Session 

is defined in this study as one visit to the Insentec bunk (feed or water) that passed data filtering 

(longer than 5 seconds and shorter than 3600 seconds).  

Number of sessions describes the total number of visits to the Insentec bunk in a day. The 

number of sessions to the feed bunk (NSf) and the number of sessions to the water bunk (NSw) 
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were summed per day for each individual. Then the daily NSf and NSw were averaged from the 

entire 70 d trial to obtain a period average for each individual.  

Session size describes the amount eaten (kg DMI) or drank (kg) in one session. The 

session size for feed intake (SSf) and the session size for water intake (SSw) was averaged for all 

sessions recorded for each day. Then the mean of the daily averages from the 70 d feeding period 

were utilized as the variable for analysis.  

Time per session describes the amount of time (s) an animal spends at the bunk during 

one session. Time per session at the feed bunk (TSf) and time per session at the water bunk (TSw) 

were averaged for each individual each day. Then the daily TSf and TSw were averaged for the 

entire 70 d feeding period to obtain the period average for each animal used in analysis.  

Session interval describes the amount of time (minutes) between two sessions at the 

bunk. The session interval was calculated for the sessions in one 24 hour time period, therefore 

the interval between the last visit of the previous day and the first visit of the following day was 

not included. The session interval between feed intake sessions (SIf) and the session interval 

between water intake sessions (SIw) were averaged daily for each individual. The daily SIf and 

SIw for each individual were averaged for the 70 d feeding period to obtain a period average that 

was used for analysis. 

 Intake Rate describes the amount eaten (g DMI) or drank (g) as a function of the amount 

of time (s) an animal spent in the bunk for that specific visit. In other words, intake rate is 

session size divided by time per session. The feed Intake Rate (IRf) and water Intake Rate (IRw) 

for each session in a day was averaged. The mean of IRf and IRw daily averages over the 70 d 

trial was calculated to obtain the value used in the analysis for each animal. 
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 Statistical Analysis  

 Phenotypic Model Selection 

 Many factors affect feed and water intake and their associated behaviors such as 

environmental factors (Arias and Mader, 2011; Koknaroglu et al., 2008), group dynamics (Grant 

and Albright, 2001, Proudfoot et al., 2009), diet (DelCurto-Wyffels et al., 2020), and bunk 

management (Pritchard and Bruns, 2003; Schwartzkopf-Genswein et al., 2002), among others. 

All available factors describing these attributes were extracted from the data and used in model 

selection for each behavior trait. Model selection was performed using forward selection 

stepwise regression. Forward selection starts with a base model and each step adds the variable 

that improves the model the most, until no more terms can be added that substantially increase 

model fit. The final model was considered complete when the addition of another variable did 

not reduce the AIC by 3 or more.  

Environmental factors such as season (Arias and Mader, 2011; Koknaroglu et al., 2008; 

Ahlberg et al. 2018) and bunk management (Pritchard and Bruns, 2003; Schwartzkopf-Genswein 

et al., 2002) are two factors known to impact feed and water intake. To determine if these factors 

also have an influence on feeding and drinking behaviors, a simple linear model including only 

phenotypic data was fit for each behavior trait. This was performed using the SAS 9.4 GLM 

(general linear model) procedure with a LSMEANS statement. Ten models were used (one for 

each behavior trait) with a base model as follows: 

𝑦 =  𝑏0 +  𝑏1𝑆𝑒𝑎𝑠𝑜𝑛 +  𝑏2𝐵𝑢𝑛𝑘 𝑀𝑎𝑛𝑎𝑔𝑒𝑚𝑒𝑛𝑡 

where y is the trait being evaluated, b0 was the intercept, Season was either winter or summer, 

and Bunk Management was either slick or ad libitum. The following covariates were tested and 

added to the base model if found to improve model fit: average daily gain (ADG), BFAT, REA, 
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MARB and initial body weight. The covariates determined to improve model fit through forward 

selection (Table 3.2) were added to the phenotypic base model for each behavior trait.  

 Genetic Model Selection  

 A separate base model was utilized for genetic evaluation. Bunk management and season 

were not included in the genetic model and were only used in the phenotypic model because of 

confounding with group. The genetic base model for each trait included pen nested within group 

as a fixed effect, and breed composition covariates (Bos indicus, continental, and dairy) as 

follows: 

𝑦𝑖𝑗𝑘 =  𝑆𝑖 + 𝑔𝑟𝑜𝑢𝑝𝑗(𝑝𝑒𝑛𝑘) + 𝐵𝑜𝑠 𝑖𝑛𝑑𝑖𝑐𝑢𝑠𝑖 +  𝐶𝑜𝑛𝑡𝑖𝑛𝑒𝑛𝑡𝑎𝑙𝑖 +  𝐷𝑎𝑖𝑟𝑦𝑖 + 𝑒𝑖𝑗𝑘 

where yi is the phenotype being evaluated for the ith animal in the jth group and kth pen, Si is the 

random animal effect, group(pen) is the kth pen nested within jth group, Bos indicus is the percent 

of British breed composition for the ith individual, Continental is the percent of continental breed 

composition for the ith individual, Dairy is the percent of dairy breed composition for the ith 

individual and e is the random residual. The same covariates that improved model fit for feed 

and water intake behavior traits in the phenotypic model were added to the genetic base model 

for each trait outlined in Table 3.2. 

 Genetic Parameter Estimation 

 First, univariate animal models were generated based on the base model and the 

covariates selected from forward selection for each trait to determine starting values for 

subsequent bivariate analysis. Variance components were estimated using average information 

restricted maximum likelihood (Misztal et al. 2014). The genomic relationship matrix, G was 

constructed in the BLUPF90 suite (Misztal et al. 2014) as described by VanRaden (2008). The G 

matrix is constructed as follows: 



74 

𝐺 =  
𝑍𝑍′

2Ʃ𝑝𝑖(1 − 𝑝𝑖)
 

where Z is a matrix of alleles centered around the mean allele effect, and 𝑝𝑖 is the frequency of 

the second allele at SNP 𝑖. In this analysis, pedigree relationships between animals were 

unknown, so the analysis was strictly a genomic best linear unbiased prediction (GBLUP) where 

the identity matrices replaced the pedigree numerator relationship matrices in the 𝐻−1matrix as 

follows: 

𝐻−1 = 𝐼 +  [
0 0
0 𝐺−1 − 𝐼22 

] 

where 𝐺−1 is as previously described, 𝐼 is an identity matrix with row and column 

dimensions equal to the number of genotyped animals, and 𝐼22 is an identity matrix with row and 

columns equal to the number of genotyped animals and the dimensions of G. Following the 

univariate analyses, a bivariate animal model was fit with the BLUPF90 software package 

(Mizatal et al. 2014) for all pairwise combinations of feed intake behavior traits and DMI and 

also for all pairwise combinations of water intake behavior traits and DWI. For the bivariate 

analyses, the base model was used and all covariates from the individual traits used for the 

univariate analyses were also included (Table 3.2). 

For the estimation of variance components, heritabilities, and genetic correlations, the 

following bivariate animal model was utilized: 

[
𝑦1

𝑦2
] = [

𝑋1𝑏1

𝑋2𝑏2
] + [

𝑍1𝑢1

𝑍2𝑢2
] + [

𝑒1

𝑒2
] 

where yi is a vector of observations for each trait, Xi is an incidence matrix relating observations 

to fixed effects, bi is a vector of fixed effects outlined in Table 3.2, Zi is an incidence matrix 

relating observations to additive direct genetic effects, ui is a vector of additive direct genetic 

effects, and ei is a vector of random residuals.  
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 Genome-Wide Association Study  

 SNP Effect Estimation 

 Animal effects for the single-step Genome-Wide Association Study (GWAS), as 

described by Wang et al. (2012), were predicted as follows: 

𝑎 = 𝑍𝑢 

where 𝑎 is a vector of breeding values for genotyped animals, 𝑍 is a matrix relating individuals 

to phenotypes and 𝑢 is a vector of SNP marker effects. The variances of a genotyped animal can 

then be written as follows: 

𝑣𝑎𝑟(𝑎) = 𝑣𝑎𝑟(𝑍𝑢) = 𝐺𝜎𝑎
2 = 𝑍𝐼𝑍′𝜆 

where 𝐺 is the genomic relationship matrix, 𝐼 is an identity matrix, 𝜆 is the ratio of the SNP 

marker effect variance and the breeding value variance (Masuda, 2019). The SNP effects were 

predicted as follows: 

𝑢̂ = 𝐼𝑍′(𝑍𝐼𝑍′)−1𝑎̂ 

where 𝑢 is a vector of SNP marker effects, 𝐼 is an identity matrix, 𝑍 is a matrix relating 

individuals to phenotypes, and 𝑎 is a vector of breeding values for genotyped individuals 

(Masuda, 2019).   

The BLUPF90 family program suite was used to conduct the GWAS (Misztal et al. 

2014). Specifically, the postGSf90 program was used to estimate single nucleotide 

polymorphism (SNP) effects, prediction error variance, and p-values. SNP effects were obtained 

from each univariate analysis for all 10 feed and water intake behavior traits. The significant 

SNP threshold was set at -log10 > 4.5. In addition, the -log10 p-values were converted to p-values 

so that the False Discovery Rate (FDR) could be calculated. There were no significant SNPs at 

an FDR of less than 0.05. When possible, SNPs were identified by their corresponding rs 
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number. Using estimated SNP effects, Manhattan plots were generated in R using the qqman 

package (Turner, 2018). 

 Identification of QTL regions 

QTL regions were formed ± 250 kb around the genomic positions of significant SNP to 

account for linkage disequilibrium (Bovine HapMap Consortium, 2009). Gene candidates were 

identified within each QTL region using the GALLO package in R (R Core Team, 2013) and the 

National Center for Biotechnology Information (NCBI) bovine GFF annotation file for the 

USDA ARS-UCD 1.2 genome assembly (Rosen et al., 2020; accession GCF_002263795.1). All 

gene functions were identified based on the molecular and biological functions outlined by The 

UniProt Consortium (2019).  Genes were compared with previously reported trait associations 

within the Cattle QTLdb (Hu et al., 2019).  

 Results and Discussion 

Summary statistics for feed and water intake behavior traits, DMI, and DWI are reported 

in Table 3.3. The mean NSf is 39.21 ± 12.11 sessions/d. Means reported in the literature vary 

widely. Robinson and Oddy (2004) reported mean number of sessions (no/d) from 7.9 ± 2.6 to 

18.8 ± 7.9 depending on breed. Schwartzkopf-Genswein et al. (2002) reported that cattle made 

16.8 ± 0.1 visits to the feed bunk per day on average. Mantanholi et al. (2010) reported a much 

higher number of sessions at the feed bunk at an average of 53.0 ± 13.55. Another mean from 

Schwartzkopf-Genswein et al. (1999) of 29 ± 11.8 visits per day to the feed bunk is closest to the 

mean for NSf reported in the current study. Although the mean NSf is high, it does not 

necessarily indicate that an animal ate a substantial amount of feed during every visit. In the 

current study, on average 12% of an animal’s visits resulted in an intake of 0 kg, which were 

filtered out of the dataset. However, any visit resulting in an intake amount greater than 0 kg was 
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included but may not have been a full meal for that animal. Schwartzkopf-Genswein (1999) 

observed that only 55.8% of visits to the feed bunk were associated with a feeding activity and 

the remaining visits involved other behavior such as scratching, licking, and rubbing.  

The mean NSw is 6.39 ± 2.06 sessions/d which is much lower than the mean NSf. The 

difference in number of visits between water and feed could have been influenced by the number 

of bunks available; There were six feed bunks per pen, but only one water bunk. The means 

available in literature for number of visits to the water bunk are not necessarily from water intake 

behavior studies but rather studies of water quality or water bunk design. For example, Lardner 

et al. (2013) examined different water types offered to cattle and reported a range of 2.92 to 

10.92 visits per day depending on water type. Coimbra et al. (2009) examined different water 

tank designs and reported a means from 0.57 to 5.10 depending on design and trial. In dairy 

cows, the number of drinking bouts per day ranged from 6.8 ± 2.7 to 7.9 ± 2.8 depending on the 

stocking density of the pen (Cardot et al. 2008). Although there has been a range of means 

published influenced by a variety of factors, the mean in the current study fits reasonably within 

the range of previously published studies.  

The mean IRf is 1.67 ± 1.99 g/s. Both Robinson and Oddy (2004) and Schwartzkopf-

Genswein (2002) reported eating rate (g/min) whereas the current study examined IRf (g/s). The 

eating rate (g/min) ranged from 126 ± 32 to 158 ± 37 depending upon breed and sex (Robinson 

and Oddy, 2004). Schwartzkopf-Genswein et al. (2002) reported faster intake rate, with means 

ranging from 203 ± 20.9 to 242.4 ± 18.4 for different feeding regimens and sexes. The lowest 

end of the range published in literature is a mean eating rate of 97.10 ± 18.24 reported by 

Lancaster et al. (2009). If our IRf data was converted to grams per minute to be on the same scale 

as previous literature, the mean IRf is 100.79 ± 26.97 which is very similar to the mean published 
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by Lancaster et al. (2009). The mean IRf in the current study could be lower due to a high NSf 

where the intake is low, making the mean IRf lower. The mean intake rate is much higher for 

water (78.00 ± 34.26 g/s) compared to feed which is likely due to a difference in the weight of 

the material. Unfortunately, there are no IRw averages for feedlot steers available in published 

literature for comparison.  

The mean TSf is 203.07 ± 79.36 s. Oliveira et al. (2018) reported an average visit 

duration (s/visit) of 157.0 ± 2.6 which is shorter than the current study. Oliveira et al. (2018) 

studied dairy heifers, whereas the current study used feedlot steers which could be why the mean 

TSf are different. Time per session in the current study was calculated as seconds per session 

whereas others have published a similar trait, meal duration, as the total minutes at the feed bunk 

in one day. Means published in literature for meal duration (min/d) range from 77 ± 19 to 112.1 

± 1.6 (Robinson and Oddy, 2004; Schwartzkopf-Genswein et al. 2002; Lancaster et al., 2009). If 

the average TSf in this study is converted from seconds to minutes and multiplied by the average 

NSf, animals spent on average 130 minutes at the feed bunk per day which is similar to the 

highest value in the literature range. The mean TSw is 101.18 ± 37.41 s. Coimbra et al. (2009) 

reported that animals in small pasture paddocks only drank for 115.23 to 167.23 seconds per day. 

Lardner et al. (2013) reported a wide range of drinking duration (s/d) from 108.7 to 627.9 when 

comparing different water types. The mean for TSw in the current study was 100.57 seconds per 

visit and the mean NSw was 6.34 visits per day hence, on average animals spent an average of 

637.61 seconds at the water bunk per day which is very similar to the top of the range reported 

by Lardner et al. (2013).  

For SSf, which is the amount of dry matter eaten per session, the mean is 0.3127 ± 0.105 

kg. Montanholi et al. (2010) reported a mean meal size (g DM) of 1,000 or 0.1 kg which is lower 
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than the mean in the current study. The mean session size is slightly larger for water (6.50 ± 

1.85) compared to feed which is also likely a function of the weight of the material. In two 

studies with dairy cattle by Cardot et al. (2008) and Jago et al. (2005) reported larger average 

water intake per drinking bout than the current study (12.9 L and 14.9 L, respectively). For 

session interval (min), animals spent a much shorter amount of time between visits to the feed 

bunk (21.5 ± 8.14) compared to visits to the water bunk (155.22 ± 39.77). Published literature 

that reports average SIw for feedlot steers in sparse, making comparisons difficult.  

Steers in the study had an average daily DMI of 10.73 ± 1.47 kg. This is close to the 

averages previously published in other feeding behavior studies such as Schwartzkopf-Genswein 

et al. (2002) and Lancaster et al. (2009), which were 9.7 ± 0.1 and 9.46 ± 1.31, respectively. 

Steers drank an average of 37.50 ± 10.5 kg of water per day, which is equivalent to 37.5 ± 10.5 

L. This mean is very close to the mean water intake of purebred male Senepol cattle (37.11 ± 

4.75 L/d) reported by Pereira et al. (2021). Arias and Mader (2011) reported an average DWI in 

the summer (32.4 ± 0.1 L/d) and in the winter (17.3 ± 0.1 L/d). In a two-year study, Parker et al. 

(2000) found the average water usage to be 40.9 L/d. Lardner et al. (2013) reported a wide range 

for DWI from 13.9 L/d to 58.1 L/d. The mean water intake in the current study falls within the 

range of means previously published in literature.  

 Season and Bunk Management Phenotypic Model  

 The mean NSf was significantly different between seasons (P = 0.0036). In the current 

study, animals visited the feed bunk 2.90 more times per day in the winter compared to the 

summer. During winter conditions, maintenance energy requirements increase due to exposure to 

cold, wet, or windy environments (National Research Council, 2016). Perhaps animals visited 

the feed bunk more times per day in the winter as a part of thermoregulation This contrasts with 
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the effect season had on NSw. The mean NSw was significantly different between seasons (P < 

0.0001), however, animals visited the water bunk 2.0 more times in the summer compared to the 

winter. It is logical that perhaps due to the higher temperatures in summer months (Ahlberg et al. 

2018) animals opted to visit the water bunk instead of the feed bunk. Arias and Mader (2011) 

found that maximum and minimum ambient temperatures as well as the temperature-humidity 

index are primary environmental factors influencing DWI in finishing cattle and that DWI 

increases during the summer. The primary reason DWI increases in the summer is attributed to 

animals attempting to reduce the thermal load (Beede and Collier, 1986). These results align with 

the current study and help explain why the NSw are greater in the summer compared to the 

winter.  

 The mean NSf (P < 0.0001) and NSw (P < 0.0001) were significantly different between 

bunk managements. Animals visited the feed bunk 6.91 more times in a day under ad libitum 

bunk management compared to slick. The results from the current study align with those from 

Schwartzkopf-Genswein et al. (2002) which found that animals visited the feed bunk more 

frequently (P < 0.0001) during ad libitum access compared to restricted feed access. The reason 

animals visited the bunk less with a slick protocol is likely because feed bunks could be empty 

for some time before the next meal compared to an ad libitum bunk management where feed is 

always available. Although animals always had ad libitum access to water, under ad libitum feed 

bunk management, animals visited the water bunk 1.44 more times per day compared to the slick 

feed bunk management. Dry matter intake and DWI have moderately positive phenotypic and 

genetic correlations, 0.38 and 0.34 (Ahlberg et al. 2019). Perhaps because animals were already 

standing up to eat at the feed bunk, animals also choose to visit the water bunk to drink before or 

after the meal. 
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 The mean IRf was not significantly different between seasons (P = 0.2704). However, the 

mean IRw was significantly different between seasons (P = 0.0012). Animals drank 10.2 g per 

second faster in the winter compared to the summer. The reason for this is not known, although 

the water temperature due to differences in ambient temperature between summer and winter 

could have played a role in this (Andersson, 1985; Purwanto et al. 1996). The mean IRf was 

significantly different between bunk managements (P < 0.0001). With a slick bunk management, 

animals ate 0.42 grams per second faster compared to ad libitum bunk management. Gonyou and 

Stricklin (1981) reported that cattle with restricted access to feed spent less time per day at the 

feed bunk per day but compensated for feed intake levels by increasing rate of feed consumption. 

Schwartzkopf-Genswein et al. (2002) reported faster eating rates by cattle under restricted feed 

compared to ad libitum bunk management. Erickson et al. (2003) reported that steers with a 

clean bunk management consumed feed at a faster rate compared to steers with ad libitum bunk 

management. When animals are managed with a slick bunk compared to ad libitum where feed is 

always available, animals may be hungrier and more eager to eat quickly when feed is delivered. 

The mean IRw was significantly different between bunk managements (P < 0.0001). Animals 

under a slick feed bunk management drank 21.3 grams per second faster than animals under ad 

libitum feed bunk management. Although animals had ad libitum access to water, perhaps 

animals with a slick feed bunk management were in a resource limited mindset from limited 

access to feed that carried over to water behaviors causing animals to also be more eager to drink 

and therefore have faster IRw.  

 There was not a statistical difference for the mean TSf between seasons (P = 0.2821). 

This differs from the results from Mujibi et al. (2010) which found that visit duration (min/d) 

was significantly different between fall/winter and winter/spring groups. Although visit duration 



82 

(min/d) is a slightly different trait from TSf (s/visit) and the seasons evaluated in Mujibi et al. 

(2010) are different which could be why the current study found different results. The mean TSw 

was tended to be different between seasons (P = 0.0851). Animals spent 6.1 seconds longer 

during one drinking session in the summer compared to the winter. The amount of time spent at 

the water bunk during one session could be impacted by the IRw. Animals had a faster IRw in the 

winter compared to the summer, thus the total time spent at the water bunk during one session in 

the winter would be lower compared to the summer to consume the same amount of water. There 

was a difference in mean TSf (P = 0.0140) and TSw (P = 0.0409) between bunk managements. 

With ad libitum feed bunk management, animals spent 16.3 seconds longer at the feed bunk and 

7.1 seconds longer at the water bunk during one session. For a similar trait, bunk attendance 

duration (min/d), Schwartzkopf-Genswein et al. (2002) found that animals attended the feed 

bunk for longer periods of time with ad libitum feed management compared to a restricted 

feeding management.  

 The mean SSf was significantly different between seasons (P = 0.0127). In the summer, 

animals ate 0.018 kg more per session compared to the winter. As mentioned above, animals 

visited the feed bunk fewer times in the summer compared to the winter. Thus, animals may have 

eaten more in one session to compensate for having fewer sessions. There was no difference (P = 

0.2578) between mean SSw for different seasons. However, there was a difference in means for 

both SSf (P < 0.0001) and SSw (P < 0.0001) between bunk managements. Animals ate 0.06 kg 

more feed and drank 0.98 kg more water in one session under slick feed bunk management. 

Compared to always having feed available, animals under a slick feed bunk management could 

have eaten more during one session as they have a scarcity mindset. In other words, perhaps they 
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ate more as insurance because feed was not always readily available. That mindset could also be 

applicable to water intake as well. 

 There was a difference in means for SIf between seasons (P = 0.0074). There was a 1.9 

minute longer interval between sessions in the summer compared to the winter. Due to the higher 

ambient temperatures in the summer, animals may have shifted feeding visits to cooler parts of 

the day like early morning and late evening (Ray and Roubicek, 1971; Brown-Brandl et al. 2005) 

which could explain why the SIf is longer in the summer. The mean SIw was statistically different 

between seasons (P < 0.0001). In contrast to SIf, the mean SIw in the summer was 25.5 minutes 

shorter compared to the winter. According to Arias and Mader (2011) cattle finished in the 

summer consume 87.3% more water than cattle finished in the winter and ambient temperature is 

one of the primary factors that influences DWI. This could help explain the reason why animals 

wait a shorter amount of time between visits to the water bunk in the summer.   

 The mean SIf was different between bunk managements (P < 0.0001). Cattle fed with ad 

libitum bunk management waited 4.1 minutes longer between visits to the feed bunk than cattle 

with slick bunk management. Animals with a slick bunk management may have waited a shorter 

amount of time between visits because the feed was limited thus, they checked the bunk more 

frequently to see when the next time feed would be available. The mean SIw was different 

between bunk managements (P = 0.0111). Cattle with ad libitum access to feed waited 9.77 

minutes longer between visits to the water bunk compared to animals with a slick feed bunk 

management. Although the reason is not known, perhaps cattle that had a slick feed bunk 

management were already standing to check the feed bunk more often, so they also chose to visit 

the water more often.   
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 There was not a statistical difference in mean DMI between seasons (P = 0.4980). The 

mean DWI was statistically different between seasons (P < 0.0001). Animals drank 8.9 kg more 

water per day in the summer compared to the winter. This is consistent with the results from 

Ahlberg et al. (2018) that used a subset of the animals from the current study and found that in 

the summer months steers had significantly (P < 0.0001) higher water intake (as a percent of 

body weight) than the winter. Hoffman and Self (1973) found that animals had greater water 

consumption in the summer (30.7 L/d) compared to the winter (19.2 L/d). Arias and Mader 

(2011) reported that cattle finished in the summer consumed 87.3% more water compared to 

cattle finished in the winter. In the summer, the water demand for cattle is higher due to animal’s 

efforts to reduce heat load by evaporative cooling (Morrison, 1983) which could explain why 

DWI was higher in the summer for the current study.  

 The mean DMI was statistically different between bunk managements (P < 0.0001). 

Cattle ate an average of 0.38 kg more feed per day with an ad libitum feed management 

compared to slick. This could be expected as animals had unrestricted access to feed at all times. 

Erickson et al. (2003) reported that steers with ad libitum bunk management had greater DMI (P 

< 0.01) than steers with a clean bunk management. There was a difference in mean DWI between 

bunk managements (P = 0.0313). Steers that were fed with an ad libitum feed bunk management 

drank 1.69 kg more water per day compared to steers fed with a slick bunk management. 

Ahlberg et al. (2018) reported that steers with ad libitum access to feed drank more water (P < 

0.0001) than steers with a slick bunk management using a subset of animals from the current 

study. Conversely, Mader and Davis (2004) used pen water intakes allocated to individuals and 

reported no difference in water intake between ad libitum or slick feed bunk managements.  
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 Variance Components and Heritability Estimates 

The additive direct genetic, residual, and phenotypic variances for the GBLUP analyses 

as well as heritabilities and standard errors are reported in Table 3.4 for feed and water intake 

behavior traits, DMI, and DWI. The reported variance components for feed and water intake 

behavior traits were obtained from the bivariate analysis. The reported variance components for 

DMI and DWI are the mean from each respective bivariate analysis. 

Ahlberg et al. (2019), using a subset of the animals from the current study, estimated the 

variance components for DMI that were slightly larger to those of the current study. The 

heritability estimate for DMI was 0.57 ± 0.11-0.12. Nkrumah et al. (2007) reported a heritability 

of 0.54 ± 0.15 for DMI using feedlot steers in Alberta, Canada, which is very similar to the 

estimate in the current study. In a large meta-analysis, Berry and Crowley (2013) reported a wide 

range for heritability of DMI from 0.14 to 0.70 and the estimate from the current study falls 

within that range. Berry and Crowley (2013) reported the pooled heritability from all studies in 

the meta-analysis was 0.40. Polizel et al. (2018) reported a heritability estimate for DMI from 

Nellore feedlot cattle to be 0.46 ± 0.09 and similarly Rolfe et al. (2011) reported a heritability for 

DMI of 0.40 ± 0.02. Purebred Angus and Charolais steers had a DMI heritability of 0.39 ± 0.10 

and 0.54 ± 0.13, respectively (Mao et al. 2013). Ahlberg et al. (2019), using a subset of animals 

from the current study, reported a higher heritability for DMI than the current study (0.67 ± 

0.04). While there are an ample number of heritability estimates for DMI available in literature, 

the heritability from the current study fits within the range previously published.  

Robinson and Oddy (2004) reported variance components for three feed intake behavior 

traits: time spent eating (min/d), number of feeding sessions (no./d), and eating rate (g/min). 

Their calculation of number of feeding sessions was similar to NSf in this study and they 



86 

reported smaller phenotypic and genetic variance estimates for NSf than the estimates in the 

current study (Robinson and Oddy, 2004). This is perhaps because of a difference in study 

populations because Robinson and Oddy (2004) used tropically adapted breeds (Brahman, 

Belmont Red and Santa Gertrudis) in addition to temperate breeds like Angus and Hereford. The 

heritability estimate for NSf in the current study was 0.50 ± 0.12. This is similar to the estimate 

for number of eating sessions (0.44 ± 0.07) published by Robinson and Oddy (2004). Nkrumah 

et al. (2007) reported a slightly lower heritability estimate of 0.38 ± 0.13 for a similar trait called 

feeding frequency (no. events/d).  

The current study reports IRf (g/s), while Robinson and Oddy (2004) reported a similar 

trait eating rate (g/min). The phenotypic and genetic variances of eating rate (g/min) estimated 

were much larger compared to the estimates from the current study. This is likely due to the 

difference in units used for time because when IRf (g/s) is converted to grams per minute then 

the phenotypic variance is much closer to the estimate reported by Robinson and Oddy (2004) 

for eating rate. For IRf, the estimated heritability was 0.63 ± 0.12. This estimate is slightly higher 

than the only other estimate available in literature from Robinson and Oddy (2004) for the trait 

eating rate (g/min; 0.51 ± 0.06).  

Time spent eating (min/d) was calculated by Robinson and Oddy (2004) as the daily total 

minutes spent eating, while the current study evaluated TSf, which was calculated as the daily 

average time (s) spent eating per eating session. Robinson and Oddy (2004) reported smaller 

variance component estimates than the current study. In the current study, TSf has a heritability 

estimate of 0.35 ± 0.12. This is similar to the trait time spent eating with a heritability estimate of 

0.36 ± 0.05 published by Robinson and Oddy (2004). Nkrumah et al. (2007) reported a lower 

heritability estimate of 0.28 ± 0.12 for feeding duration (min/d). While feeding duration (min/d) 
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from Nkrumah et al. (2007) and time spent eating from (Robinson and Oddy, 2004) were 

calculated differently than TSf in the current study, they are similar traits with similar heritability 

estimates. The traits SSf and SIf have heritability estimates of 0.40 ± 0.13 and 0.60 ± 0.12, 

respectively. Unfortunately, there are no published heritability estimates in literature for traits 

similar to these for beef cattle.  

 The heritability estimates for NSw, IRw, SIw, TSw, and SSw were 0.56 ± 0.11, 0.88 ± 0.07, 

0.80 ± 0.10, 0.54 ± 0.12, and 0.70 ± 0.11, respectively. Although this is a fairly small population 

sample and replication should be done in other populations, these estimates are all highly 

heritable, suggesting that water intake behaviors would respond well to selection in cattle. 

Heritability estimates for IRw and SIw were very high. Currently, there are no other heritability 

estimates in published literature for drinking behavior. However, there are a few heritability 

estimates published for water intake. The current study estimates the heritability of water intake 

to be 0.44 ± 0.11. Ahlberg et al. (2019) reported variance components for DWI that were slightly 

smaller than the current study and a heritability estimate of 0.39 ± 0.07. The animals used by 

Ahlberg et al. (2019) were a subset of the animals used in the current study. However, a similar 

heritability estimate, 0.37 ± 0.04 for water intake was also reported by Pereira et al. (2021). 

Although heritability estimates for water intake in beef cattle are limited, several heritability 

estimates for water intake have been reported in mice. Bachmanov et al. (2002) and Ramirez and 

Fuller (1976) reported heritability estimates for water intake of 0.69 and 0.44, respectively. More 

research is needed in this area and in disparate populations to make additional comparisons.  

 Phenotypic Correlations  

 Phenotypic correlations between feed intake behavior traits are shown in the lower 

triangular portion of Table 3.5. The majority of the phenotypic correlations between feed intake 
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behavior traits were high and significantly different from zero. Most notable are the high 

negative correlations NSf had with TSf, SSf, and SIf (-0.71, -0.83, and -0.75, respectively). When 

an animal visits the feed bunk more frequently; the length of each visit tends to be shorter, and 

they tend to eat a smaller amount in each visit. The amount of time between visits also tends to 

be shorter. However, Robinson and Oddy (2004) published a correlation between number of 

eating sessions (no./d) and time spent eating (min/d) that was much lower (-0.01 ± 0.04) than this 

study. Robinson and Oddy (2004) used time spent eating as the total minutes an animal was at a 

feed bunk in one day whereas the current study used the trait TSf, the average seconds for one 

visit to the feed bunk. Nkrumah et al. (2007) reported a correlation of 0.15 between feeding 

frequency (events/d) and feeding duration (min/day). This is similar to the traits NSf and TSf in 

the current study, which had a very different correlation in the current study (-0.71). However, 

Nkrumah et al. (2007) calculated feeding duration as total minutes at the feed bunk per day 

whereas the current study calculated TSf as seconds at the feed bunk per visit. In the current 

study, there was no correlation between NSf and IRf (0.01). However, Robinson and Oddy (2004) 

reported a phenotypic correlation of 0.14 between number of sessions (no./d) and eating rate 

(g/min). The current study used different units for IRf (g/s), however their estimate reported is 

similar to that from the current study. 

 Intake Rate for feed had a moderate negative correlation with TSf (-0.49). It is logical that 

animals that eat slower will spend more time at the feed bunk and animals that eat faster will 

spend less time at the feed bunk. Robinson and Oddy (2004) reported a correlation of -0.77 

between eating rate (g/min) and time spent eating (min/d). Despite the discrepancy between how 

Robinson and Oddy (2004) calculated time spent eating compared to TSf in the current study, the 

correlations are similar. Time per Session had a correlation of 0.82 with SSf, so animals that 
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spent more time at the feed bunk during one session tended to, eat more. Time per Session was 

also highly positively correlated with SIf (0.74). Thus, animals that spend longer eating during 

one session tended to also spend more time between visits to the feed bunk. Session Interval and 

SSf had a highly positive correlation of 0.75, meaning that animals that had larger amounts of 

time between visits to the feed bunk also tended to eat more in one session when they did visit. 

Animals that spent a shorter amount of time between visits tended to eat less when they visited 

the feed bunk.  

 It is also interesting to investigate if feeding behaviors have any effect on DMI. 

Phenotypic correlations between DMI and IRf, and DMI and TSf, were not significantly different 

from zero (-0.002 and 0.04, respectively). The phenotypic correlation between DMI and SSf was 

small (0.10), although significant at P < 0.05. The phenotypic correlation between DMI and NSf 

was 0.28 suggesting that increased eating sessions in a day would tend to also increase DMI. 

However, Nkrumah et al. (2007) reported the phenotypic correlation between DMI and daily 

feeding frequency, a similar trait to NSf, to be -0.21. Montanholi et al. (2010) found the 

correlation between DMI and number of meals per day to be 0.16. Robinson and Oddy (2004) 

reported a phenotypic correlation between feed intake (kg/d) and number of eating sessions to be 

0.18 ± 0.20. The correlations reported by Montanholi et al. (2010) and Robinson and Oddy 

(2004) are similar to the correlation from the current study. The phenotypic correlation between 

DMI and SIf was -0.23 meaning that animals that wait longer between eating sessions tend to 

have a lower DMI.  

The phenotypic correlations between water intake behavior traits are shown in the lower 

triangular portion of Table 3.6. Many of the phenotypic correlations between water intake 

behavior traits had moderate to high negative correlations and were significantly different from 
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zero. Number of Sessions for water had negative correlations with IRw, SSw, and SIw of -0.31, -

0.54, and -0.74, respectively. Animals that visited the water bunk more frequently tended to; 

drink at a slower rate, consume less water in one visit, and spend less time between visits to the 

water bunk. This is similar to the direction and magnitude of correlations between NSf and SSf as 

well as NSf and SIf. Intake Rate was negatively correlated with TSw (-0.65) and positively 

correlated with SSw (0.46). Thus, animals that drink at a faster rate tended to spend less time at 

the water bunk during each visit and drink more water in one session. The phenotypic correlation 

between SSw and SIw was 0.54 meaning that animals that drink more during one session tended 

to also spend more time between visits to the water bunk. Time per session had a low positive 

correlation with SSw and SIw, 0.21 and 0.16, respectively. Unfortunately, there are no published 

correlations between water intake behavior traits for comparison so only the results from this 

study will be discussed.  

Daily water intake was positively correlated with NSw and SSw, 0.52 and 0.36, 

respectively. Animals that have a greater number of drinking sessions in a day and drink more 

during one drinking session tend to have greater DWI. Daily water intake was negatively 

correlated with SIw (-0.30) meaning that animals that waited longer between visits to the water 

bunk tend to drink less water in a day.  

 Genetic Correlations 

The genetic correlations between DMI and feed intake behaviors are reported in Table 

3.5. Daily DMI had a moderate positive correlation with NSf (0.47 ± 0.15), which mirrored the 

phenotypic correlation. Therefore, if there is selection to increase DMI, it would be expected that 

NSf would also increase. Nkrumah et al. (2007) reported a much different genetic correlation 

between DMI and daily feeding frequency (-0.74 ± 0.15). A genetic correlation estimate that is 
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closer to the current study was reported by Robinson and Oddy (2004) for feed intake (kg/d) and 

number of eating sessions per day (0.16 ± 0.10).  

The genetic correlation between DMI and IRf is 0.49 ± 0.16, which is different than the 

phenotypic correlation that was close to 0. Robinson and Oddy (2004) reported a similar genetic 

correlation for feed intake and eating rate (g/min) of 0.33 ± 0.10. We would expect that IRf 

would increase if there is selection to increase DMI. Daily DMI had a negative, moderate genetic 

correlation with TSf, SSf, and SIf (-0.64 ± 0.34, -0.40 ± 0.29, and -0.59 ± 0.14, respectively). 

These antagonistic relationships with DMI means that as DMI is selected to increase, the time 

per eating session, size of meal, and amount of time between visits to the feed bunk would 

decrease. This relationship is logical given the relationships with other feeding behaviors. As 

DMI is selected to increase, we would expect to also observe more visits to the feed bunk per 

day where the meal is smaller, therefore the animal eats quicker and more frequently. 

The genetic correlations between DWI and water intake behaviors are reported in Table 

3.6. Daily water intake and NSw have a genetic correlation of 0.48 ± 0.15, which is similar to the 

phenotypic correlation. This correlation is also very similar to the relationship between DMI and 

NSf. We would expect NSw to increase if we selected for increased DWI due to this positive 

correlation. Intake Rate of water and TSw had genetic correlations with DWI that were not 

different from 0 (0.06 ± 0.15 and 0.03 ± 0.20, respectively). Therefore, selecting for DWI should 

have no impact on IRw and TSw. Daily water intake and SSw had a low positive genetic 

correlation of 0.13 ± 0.17. Interestingly, this correlation is positive while the corresponding 

correlation for feed was negative. If DWI is selected for, the amount of water drank in one 

session would be expected to also increase, however, DMI had an antagonistic relationship with 
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the among of feed eaten in one session and would therefore be expected to decrease. The 

correlation between DWI and SIw was -0.37 ± 0.14 which mimics the phenotypic correlation.  

 Genome-Wide Association Study 

 Significant SNPs were identified for all feed and water behavior traits. Significant SNPs 

are reported in Table 3.7 for feed traits and Table 3.8 for water traits. Manhattan plots are 

provided in Figure 3.1 for feed traits and Figure 3.2 for water traits. For each trait, previously 

reported QTL associated with feed or water intake behavior attributes were identified near the 

significant SNP (Table 3.9). Previously reported QTL were considered near the significant SNP 

if the QTL was within the QTL region (250 kilobases upstream or downstream of the significant 

SNP). All genes found within the QTL region (± 250 kilobases of the significant SNP) are 

outlined in Table A.1 through Table A.12. Genes discussed as potential candidate genes for feed 

traits are listed in Table 3.10 and Table 3.11 for water traits 

 Feed Traits  

 For NSf, three SNPs were significant including rs110698940, rs109466582, and 

rs134486905 (Table 3.7). Forty-eight genes resided within the QTL regions for NSf (Table A.1). 

The SNP, rs109466582, was in proximity to the gene ADCY4 (Adenylate Cyclase 4) which 

encodes a member of the adenylate cyclase family. Adenylate cyclase is an enzyme that 

catalyzes the conversion of ATP to cyclic AMP. Cyclic AMP is a second messenger with a 

variety of functions including intracellular signal transduction and activation of protein kinases 

and the associated kinase functions in several biochemical processes such as lipid, glycogen, and 

sugar metabolism (The UniProt Consortium, 2019). Adenylate cyclase 4 as well as adenylate 

cyclases 2 and 3 have been found to be expressed in the olfactory cilia in mice (Wong et al., 
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2000). Olfaction is a major sense involved in food evaluation (Do et al., 2014) and therefore 

could influence the number of visits an animal makes to the feed bunk.  

The SNP rs109466582 was also near the gene FITM1 (Fat Storage Inducing 

Transmembrane Protein 1) which plays an important role in fat storage and lipid metabolism. 

FITM1’s gene product is an integral component of the endoplasmic reticulum membrane and 

plays an important role in the formation of lipid droplets, lipid droplet organization, and lipid 

storage. Lipid droplets are storage organelles principal to lipid metabolism (Kadereit et al., 

2007). Thus, FITM1 is a gene candidate due to its roles in lipid and energy homeostasis.  

Previously reported QTL by McClure et al. (2010) that overlap with rs109466582 are 

associated with body weight, body height and body weight at weaning in Angus cattle. The size 

of an animal has some influence on that animal’s nutritional requirements (National Research 

Council, 2016) and therefore the feed intake of that animal. Previously reported QTL that 

overlap with rs110698940 are associated with residual feed intake (Sherman et al. 2009) and 

weaning body weight (McClure et al. 2010). Previously reported QTL that overlap with 

rs134486905 are associated with body weight and body weight gain (Snelling et al. 2010). In the 

current study, the genetic correlation between NSf and DMI was 0.47 ± 0.15, if DMI is selected 

for, there would also be an expected response on NSf . Thus, NSf could be associated with 

growth characteristics such as weight through the mutual association with feed intake (Hicks et 

al. 1990; Robinson and Oddy, 2004). 

 Ten significant SNPs were identified for IRf (Table 3.7). For IRf, 37 genes were within 

the QTL region (Table A.2). Of the 37 total, the rs135671861 QTL region overlapped with 16 

gene candidates. Five of the 16 genes were related to olfactory receptors, LOC101905743, 

LOC524304, LOC615808, OR9Q2, and LOC107133203. Olfactory receptors are responsible for 
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the perception of odor. Olfaction influences food choice and food consumption because it is one 

of the major sensory modalities that contributes to food evaluation (Do et al., 2014). Previous 

studies have reported the association of olfaction with feed efficiency (Takeda et al., 2019; Zhou 

et al., 2018), DMI (Olivieri et al., 2016), and residual feed intake (Saatchi et al. 2014). Another 

variant identified in this study, rs41732798, was near two genes (NKAIN3 and YTHDF3) 

previously associated with growth or body size characteristics. The NKAIN3 (Sodium/Potassium 

Transporting ATPase Interacting 3) gene is involved in the regulation of sodium ion transport, 

imports metabolites necessary for cell metabolism, and maintains cell potential. In addition to its 

roles in cell metabolism, Marete et al. (2018) discovered its association with insulin-like growth 

factor 1 (IGF1) level. Insulin-like growth factor 1 level is similar to growth hormone in that 

levels are low during infancy and increase during development, eventually declining during 

adulthood. It is also documented that IGF1 is linked to reproductive and growth traits (Fortes et 

al., 2012; Yilmaz et al., 2004; Yilmaz et al., 2005). Feed intake and growth have an obvious 

association, therefore NKAIN3 is a gene candidate as it is related to both cell metabolism and 

growth. The final gene with an obvious association with IRf was YTHDF3 (YTH N6-

Methyladenosine RNA Binding Protein 3) which has a vast number of biological functions; 

specifically, it recognizes and binds N6-methyladenosine (m6A)-containing RNAs and regulates 

their stability. Bhuiyan et al. (2018) reported that YTHDF3 contributes to carcass weight. Cattle 

that have a greater dressed carcass weight likely have had greater feed intake, which is related to 

IRf. Quantitative trait loci regions associated with body weight (Mizoshita et al. 2004; Kneeland 

et al. 2004), average daily gain (Mizoshita et al. 2004), and carcass weight (McClure et al. 2010) 

were near rs41732798 (Table 3.9). These traits are all related to growth and feed efficiency, 

which could be connected to how quickly an animal eats or IRf.   
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 Eight significant SNPs were identified for TSf (Table 3.7). Of the 35 genes within these 

QTL regions, 28 were a members of the olfactory receptor family and were near rs135936657 

(Table 3.10). Olfactory receptors function by combining with the odorant in the nose and 

transmitting the signal to the brain which triggers the perception of smell. Takeda et al. (2019) 

identified genes involved in olfactory transduction as candidate genes for residual feed intake 

and residual body weight gain. The olfactory receptor gene family is the largest in the bovine 

genome (Lee et al. 2013). Takeda et al. (2019) proposed that olfaction may have evolved in 

cattle to allow them to seek better quality grass and avoid toxic plants, so perhaps that is why 

olfactory receptors are involved in appetite regulation and feed efficiency. The perception of 

smell is an important component of food choice and consumption (Do et al., 2014) and perhaps 

could influence how long cattle spend eating during one meal.  

 Interestingly, the significant SNP, rs134486905 for TSf was also identified for NSf. A 

previously reported QTL region by Snelling et al. (2010) for body weight gain was near 

rs134486905. Thus, rs134486905 could be a likely gene candidate as it was identified for NSf 

and TSf and also has an association with body weight gain. 

 For SSf, eight significant SNPs were identified (Table 3.7). Sherman et al. (2010) 

identified QTL regions associated with dry matter intake and residual feed intake near 

rs109939302 (Table 3.9). Dry matter intake and residual feed intake are measures of how much 

feed an animal consumes, which could be influenced by the amount of feed consumed in one 

eating session, namely SSf. Previously identified QTL regions associated with carcass weight 

and body weight were found near rs29010859 and rs42867118 (McClure et al. 2010). The 

amount of feed consumed by an animal has an influence on the weight of that animal (Berry and 

Crowley, 2012). In the current study, DMI and SSf had a genetic correlation of -0.40 ± 0.29. So, 
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because DMI is related to both SSf and body weight, perhaps there is an association between SSf 

and body weight through the mutual relationship with DMI.  

 The significant SNP rs42867118 was in proximity to HSD17B3 (Hydroxysteroid 17-Beta 

Dehydrogenase 3) which is a gene that is primarily expressed in the testis and catalyzes the 

conversion of androstenedione to testosterone. HSD17B3 is involved in male genitalia 

development and testosterone biosynthetic processes through testosterone 17-beta-deydrogenase 

activity. Castration of male cattle is a common practice with behavioral benefits such as reduced 

aggression and sexual activity due to reduced testosterone levels (Thomson et al. 2017). Puzio et 

al. (2019) studied the effect of gender (bull vs steer) on feeding behavior. Feed intake per meal, 

similar to SSf in the current study, was lower in steers than bulls by 9.7% (Puzio et al., 2019). 

The influence gender (bull vs steer) had on feed intake per meal makes HSD17B3 a gene 

candidate for SSf due to the gene’s role in male hormones.   

 At a -log10 p-value of 4.5, SIf, did not have any significant SNPs. However, five SNPs 

could be considered suggestive at a -log10 p-value that exceeded 4 including rs42032214, 

rs109190582, rs109876422, rs109593147, and rs132720650. PPP1R3E (Protein phosphatase 1 

regulatory subunit 3E) was in proximity to rs109190582 and acts as a glycogen-targeting subunit 

for protein phosphatase 1. The functions of PPP1R3E include glycogen binding and the 

regulation of glycogen biosynthetic processes meaning it aids in modulating the frequency, rate 

or extent of the chemical reactions and pathways resulting in the formation of glycogen. When 

there is excess energy in the form of glucose, mammals can combine glucose units into a 

complex sugar called glycogen which is then stored primarily in the muscle cells as an energy 

reserve. Feedlot cattle are often fed to caloric excess, therefore glucose homeostasis is an 

important metabolic process and could be influenced by how frequently an animal is eating, 
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namely SIf in the current study. Another gene involved in metabolism found in proximity to 

rs109190582 was LRP10 (LDL receptor related protein 10). LRP10’s gene product is an integral 

component of the plasma membrane with a role in lipid transport, specifically low-density 

lipoprotein particle receptor activity. Low-density lipoproteins are responsible for binding to 

cholesterol and moving it through the bloodstream to the cells in the body that need it. Lipid 

metabolism is important for maintaining an energy balance and could possibly be related to a 

feed intake behavior such as SIf.  

 Five QTL regions with an association to feed intake or growth traits were near 

rs42032214 (Table 3.9). McClure et al. (2010) discovered QTL regions associated with body 

weight and body weight at weaning. The QTL regions related to feed intake were average daily 

gain (Akanno et al. 2018), residual feed intake (Seabury et al. 2017), and feed conversion ratio 

(Santana et al. 2016), all traits that could potentially be impacted by the IRf of an animal.  

 Five significant SNPs were identified for DMI (Table 3.7). The significant SNP 

rs42644402 was in proximity to the gene CNR1 (Cannabinoid receptor 1). CNR1’s gene product 

is a cellular component of synapses that use glutamate, an excitatory neurotransmitter. CNR1 

functions in a variety of synaptic signaling processes that influence glucose homeostasis. 

Glucose homeostasis is an important metabolic process that could be influenced by the feed 

intake of an animal. Alexander et al. (2007) reported a QTL region near rs42644402 related to 

average daily gain. Average daily gain and DMI are moderately correlated genetically and 

phenotypically (Polizel et al. 2018). Other previously reported QTL regions near rs42644402 are 

related to retail product yield (Casas et al. 2003) and general disease susceptibility (Holmberg et 

al. 2004), which also could be influenced by DMI.  
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 Other genes identified within the QTL region of significant SNPs did not have an obvious 

association or relationship with DMI. However, several QTL related to feed intake measures 

were previously reported near significant SNPs for DMI. Body weight gain and average daily 

gain QTL regions identified by Snelling et al. 2010 and Seabury et al. 2017 were near 

rs42865604. Sherman et al. (2009) identified a QTL region for residual feed intake that was near 

rs43076526.  

 Water traits  

 For NSw, four significant SNPs were identified including rs136215737, rs133766990, 

rs110460578, and rs136946884. Of the four SNPs identified, only two (rs136946884 and 

rs136215737) had genes within the QTL region (Table 3.11). The variant, rs136946884 was in 

the vicinity of the gene CD226 Molecule. This gene functions in immunity through a vast 

number of biological processes through positive regulation of mast cell activation, interferon-

gamma production, immunoglobulin mediated immune response and natural killer cell cytokine 

production (UniProt Consortium, 2019). Water intake can be used as an indicator of animal 

health and a sufficient supply of water is critical to maintain animal health (Golher et al. 2021). 

Perhaps sick or immune compromised animals will be less likely to get up and move to a water 

bunk, impacting the number of visits to the water bunk daily. 

 Eight significant SNPs were identified for IRw (Table 3.8).  Five of the 17 genes 

identified are uncharacterized by NCBI for the bovine genome (Table A.8). One SNP, 

BovineHD4100008521, was near MAP4K4 (Mitogen-Activated Protein Kinase Kinase Kinase 

Kinase 4). This gene encodes for a member of the serine/threonine protein kinase family and 

activates MAPK8 (mitogen-activated protein kinase 8) as a function in the MAPK cascade. This 

gene has also been shown to mediate the TNF-alpha signaling pathway, which is a signaling 
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pathway for the pro-inflammatory cytokine TNF-alpha. TNF-alpha is produced in response to 

inflammation, infection, and other environmental stresses. Water intake is influenced by a 

variety of factors, environmental stressors being one (Ahlberg et al., 2018), so perhaps there is a 

relationship between MAPK8 and IRw.  

 Quantitative trait loci previously reported near rs132772434 are associated with average 

daily gain (Zhang et al. 2020), residual feed intake (Sherman et al. 2009), and dry matter intake 

(Tetens et al. 2014). Dry matter intake and water intake have a genetic correlation of 0.34 ± 0.27 

(Ahlberg et al. 2019), which could explain the association of previously reported QTLs with IRw. 

Two significant SNPs were identified for TSw: rs110942558 and rs42155131 (Table 3.8). 

The SNP rs110942558 was near the genes CD5 and CD6. These genes both encode for proteins 

that are members of the scavenger receptor cysteine-rich superfamily and are mainly associated 

with the immune system through various functions involving T cells. Sowell et al. (1999) 

reported that healthy steers spent more time and had more feeding bouts during the day than 

morbid steers. Presumably, health and the immune system would have an effect on water intake 

behavior as well.  

Three SNP were significant for SSw: rs109807965, rs133469167, and rs41634083. (Table 

3.8). Genes within the QTL region for these SNPs are listed in Table A.9. The SNP, 

rs109807965 was in the vicinity of ADCY8 (Adenylate Cyclase 8) which catalyzes the formation 

of cyclic AMP from ATP. ADCY8 is involved in several biological processes according to the 

UniProt Consortium (2019) such as the glucose mediated signaling pathway, neuroinflammatory 

response, positive regulation of insulin secretion involved in cellular response to glucose 

stimulus, regulation of cellular response to stress, long-term memory, and locomotory behavior. 

Locomotory behavior is defined as the specific movement from place to place of an organism in 
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response to external or internal stimuli (The UniProt Consortium, 2019). Interestingly, long-term 

memory and locomotory behavior are two biological processes that would impact an animal’s 

decision to visit a water bunk and possibly water intake behavior such as SSw.  

At a -log10 p-value = 4.5, SIw, did not have any significant SNPs. The top five SNP had a 

-log10 p-value between 3.04 and 3.18 (Table 3.8). Of these SNP, only two SNP (rs41729388 and 

rs41660319) had identified genes within the QTL region (Table 3.11). The gene identified near 

rs41660319 has not been characterized by NCBI for the bovine genome. The variant. 

rs41729388, was near two genes: one functions in mitochondrial ribosomes and PEX2 (Peroxin-

2). Peroxin-2 is involved in the biogenesis of peroxisomes, which contain enzymes involved in a 

variety of metabolic reactions. Peroxin-2 is associated with fatty-acid beta-oxidation and very 

long-chain fatty acid metabolic processes. 

Four SNPs were significant for DWI: rs109310532, rs42951507, rs41595591, and 

rs134583473 (Table 3.8). The SNP rs109310532 was near five genes for olfactory receptors 

(Table 3.11). Olfaction is an important sense used in food evaluation (Do et al., 2014), so 

perhaps olfaction is also used in water evaluation and could influence the amount of water 

consumed. A previously reported QTL region for social separation vocalization was near 

rs109310532 as well as rs42951507 (Gutierrez-Gill et al. 2008). It is interesting that social 

separation vocalization had QTL regions near two SNPs identified for DWI on different 

chromosomes. Perhaps group dynamics or behaviors related to social hierarchy have an 

influence on DWI.  

Previously reported QTL regions near rs41595591were related to feed efficiency, 

residual gain, residual feed intake (Brunes et al. 2020) and feed conversion ratio (Sherman et al. 
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2009). Residual feed intake and other feed intake measures are phenotypically and genetically 

correlated with DWI (Ahlberg et al. 2019).  

 Conclusion 

 Feed and water usage has been studied in pervious literature, however there is a gap in 

knowledge about animal behaviors surrounding feed and water intake. Standardized feeding and 

drinking behavior phenotypes have not been established. The current study defined five traits: 

number of sessions (no/d), intake rate (g/s), session size (kg), time per session (s), and session 

interval (min). Behavior traits are heritable ranging from 0.35 to 0.63 for feeding behaviors and 

0.54 to 0.88 for drinking behaviors. The heritability of DMI and DWI were 0.57 and 0.44, 

respectively. The behavior traits had varying phenotypic correlations. The genetic correlations 

between DMI and feeding behaviors were moderate to high with NSf and IRf being positive (0.47 

and 0.49, respectively) and SSf, SIf, and TSf being negative (-0.40, -0.59, and -0.64, 

respectively). The genetic correlations between DWI and drinking behaviors were low to 

moderate for NSw, SSw, and SIw (0.48, 0.13, and -0.37). Genetic correlations between DWI and 

TSw and IRw were not different from zero. 

 Several SNPs were identified in this study for the feed and water intake behaviors. Genes 

and previously reported QTL near SNPs were evaluated. Some genes had functions that could be 

associated with feed and water intake behaviors, while others did not have a known association. 

The results from the current study paired with previous literature suggest that feeding and 

drinking behaviors are controlled by genetic factors. Additional research should be done to 

confirm these results and evaluate feeding and drinking behavior’s role in improving feed and 

water efficiency.   
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Table 3.1-Trial dates, number of animals, season, and bunk management by group. 

 

  

Group n Season Bunk Management 

1 117 Summer Slick 

2 116 Winter Slick 

3 118 Summer Slick 

4 105 Summer Ad libitum 

5 123 Winter Ad libitum 

6 120 Summer Ad libitum 

7 100 Winter Ad libitum 
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Table 3.2- Covariates that improved model fit determined by forward selection and were 

included in the model in addition to the base model. Base model for the genetic model 

included pen nested within group and three breed composition (Bos indicus, continental, 

and dairy). Base model for the phenotypic model included season and bunk management.  

  

Trait 
Average Daily 

Gain 

Ribeye 

Area 
Back fat 

Initial 

body 

weight 

Marbling 

Number of 

Sessions, Feed 
X X    

Intake Rate, 

Feed 
     

Session 

Interval, Feed 
X X X   

Session Size, 

Feed 
X   X  

Time per 

Session, Feed 
X  X   

Daily Dry 

Matter Intake 
X  X X  

Number of 

Sessions, 

Water 

  X   

Intake Rate, 

Water 
X  X   

Session 

Interval, 

Water 

X X X X  

Session Size, 

Water 
X     

Time per 

Session, 

Water 

X  X X  

Daily Water 

Intake 
X  X X  
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Table 3.3- Summary statistics for feed and water intake behavior traits 

  

 Trait n Min Max Mean 
Standard 

Deviation 

Feed 

Number of Sessions, no/d 824 11.53 82.53 39.21 12.11 

Intake Rate, g/s 824 0.85 4.25 1.67 0.44 

Time per Session, s 824 43.88 902.27 203.07 79.36 

Session Size, kg 824 0.10 0.89 0.31 0.10 

Session Interval, min 824 9.09 62.67 21.50 8.14 

Dry Matter Intake, kg 824 6.00 16.17 10.73 1.47 

Water 

Number of Sessions, no/d 786 2.72 18.66 6.399 2.06 

Intake Rate, g/s 786 9.55 256.11 78.00 34.26 

Time per Session, s 786 22.74 373.25 101.18 37.41 

Session Size, kg 786 2.88 15.29 6.50 1.85 

Session Interval, min 786 61.79 295.47 155.22 39.77 

Daily Water Intake, kg 786 15.37 102.39 37.50 10.50 
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Table 3.4- Variance Components for feed and water intake behavior traits from bivariate 

analysis. Variance components for daily dry matter intake (DMI) and daily water intake 

(DWI) calculated as the average from each bivariate.  

 Trait n 
Residual 

Variance 

Genetic 

Variance 

Phenotypic 

Variance 

Heritability± 

Standard 

Error 

Feed 

Number of 

Sessions, no/d 
718 43.70 45.64 89.34 0.50 ± 0.12 

Intake Rate, g/s 791 0.0355 0.062 0.098 0.63 ± 0.12 

Session 

Interval, min 
676 15.83 24.39 40.23 0.60 ± 0.12 

Session Size, kg 791 0.00356 .00243 0.00599 0.40 ± 0.13 

Time per 

Session, s 
676 2745.4 1550.3 4295.7 0.35 ± 0.12 

DMI, kg 676 0.3022 0.401 0.703 0.57 ± 0.11* 

Water 

Number of 

Sessions, no/d 
639 1.24 1.65 2.89 0.56 ± 0.11 

Intake Rate, g/s 639 112.68 843.84 956.52 0.88 ± 0.07 

Session 

Interval, min 
639 258.38 1074.5 1332.88 0.80 ± 0.10 

Session Size, kg 753 0.5762 1.391 1.968 0.70 ± 0.11 

Time per 

Session, s 
639 524.16 639.40 1163.56 0.54 ± 0.12 

DWI, kg 639 24.48 19.65 44.13 0.44 ± 0.11** 

* Range of standard error 0.117 - 0.120. 

** Range of standard error 0.1163 - 0.1166.  
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Table 3.5- Phenotypic (below diagonal) and genetic (above diagonal) correlations between 

feed intake behavior traits. 

*Correlations are significantly different from zero at * P < 0.05 or **P < 0.0001. 

  

 
Daily Dry 

Matter 

Intake, kg 

Number 

of 

Sessions, 

no./d 

Intake 

Rate, g/s 

Time per 

Session, s 

Session 

Size, kg 

Session 

Interval, 

min 

Daily Dry 

Matter 

Intake, kg 

 
0.47  

± 0.15 

0.49  

± 0.16 

-0.64  

± 0.34 

-0.40  

± 0.29 

-0.59  

± 0.14 

Number of 

Sessions, 

no./d 

0.28**      

Intake 

Rate, g/s 
-0.0029 0.015     

Time per 

Session, s 
0.04 -0.71** -0.49**    

Session 

Size, kg 
0.10* -0.83** 0.0077 0.82**   

Session 

Interval, 

min 

-0.23** -0.75** -0.18** 0.74** 0.75**  
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Table 3.6- Phenotypic (below diagonal) and genetic (above diagonal) correlations between 

water intake behavior traits. 

*Correlations are significantly different from zero at * P < 0.05 or **P < 0.0001. 

  

 
Daily 

Water 

Intake, kg 

Number 

of 

Sessions, 

no./d 

Intake 

Rate, g/s 

Time per 

Session, s 

Session 

Size, kg 

Session 

Interval, 

min 

Daily 

Water 

Intake, kg 

 
0.48  

± 0.15 

0.06  

± 0.15 

0.03  

± 0.20 

0.13  

± 0.17 

-0.37  

± 0.14 

Number of 

Sessions, 

no./d 

0.52**      

Intake 

Rate, g/s 
0.09* -0.31**     

Time per 

Session, s 
0.17** -0.04 -0.65**    

Session 

Size, kg 
0.36** -0.54** 0.46** 0.21**   

Session 

Interval, 

min 

-0.30** -0.74** 0.20** 0.16** 0.54**  
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Table 3.7- Genomic regions identified by genome-wide association study contributing 

significantly to feed intake behavior traits and dry matter intake. 

Trait SNP name rsID Chromosome Position 
-log10 p-

value 

Intake Rate 

(g/s) 

BovineHD0800015068 rs110762691 8 50057408 5.693 

ARS-USDA-AGIL-chr10-

37393241-000186 
No rsID 10 37276549 5.041 

Hapmap34036-

BES10_Contig636_1251 
rs41732798 14 27952572 4.880 

BovineHD1500024034 rs135671861 15 81138619 4.914 

BovineHD1700013389 rs4248061817 17 46716862 5.854 

BovineHD1700013403 rs42906672 17 46739443 5.503 

BovineHD1700013409 rs42906269 17 46765070 5.399 

BTA-93763-no-rs rs41667334 17 46785750 5.449 

BTB-00876819 rs42035549 24 2953070 4.682 

BovineHD2800011375 rs42148856 28 40568738 4.962 

Session 

Interval 

(min) 

ARS-BFGL-NGS-67261 rs109876422 2 3245057 4.057 

BovineHD0200000837 rs109593147 2 3193020 4.151 

BovineHD0200000883 rs132720650 2 3338155 4.349 

ARS-BFGL-NGS-54655 rs109190582 10 21841817 4.043 

ARS-BFGL-NGS-24783 rs42032214 12 65289522 4.380 

Session Size 

(kg) 

BovineHD0100027341 rs109939302 1 95417319 4.808 

Hapmap53387-rs29010859 rs29010859 3 13768233 5.495 

BovineHD0800025093 rs42867118 8 82934733 4.564 

ARS-BFGL-NGS-19199 rs110052485 10 57415611 5.463 

BovineHD1000016992 rs42194612 10 57107399 4.653 

BovineHD1600022857 rs42425081 16 76612375 4.743 

BovineHD1600022863 rs133983237 16 76632577 4.855 

BovineHD1600022873 rs110384764 16 76653998 4.535 

Number of 

Sessions 

(no/d) 

ARS-BFGL-NGS-44623 rs109466582 10 20834705 4.529 

BovineHD1000016131 rs134486905 10 54343151 5.353 

ARS-BFGL-NGS-119388 rs110698940 19 30952848 4.969 

Time per 

Session (s) 

BovineHD0900025025 rs42026914 9 87634273 4.642 

BovineHD0900025029 rs42026908 9 87645193 4.676 

Hapmap58334 rs29012728 9 87701436 4.716 

BovineHD1000016131 rs134486905 10 r54343151 5.424 

BovineHD1000016992 rs42194612 10 57107399 5.006 

BovineHD1500023539 rs135936657 15 79666048 5.185 

BovineHD1500023548 rs135228097 15 79681685 4.966 

BovineHD2600000141 rs42953730 26 1241221 6.007 

Dry Matter 

Intake (kg) 

BovineHD0700008050 rs43076526 7 27252564 4.713 

BovineHD0800017078 rs110102846 8 56438327 4.572 

BovineHD0800017083 rs109372479 8 56452230 5.143 

BovineHD0900017249 rs42644402 9 61913789 5.106 

BovineHD2000020297 rs42865604 20 69425225 4.798 
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Table 3.8- Genomic regions identified by genome-wide association study contributing 

significantly to water intake behavior traits. 

Trait SNP name rsID Chromosome Position 
-log10 p-

value 

Intake Rate 

(g/s) 

BovineHD0200015569 rs133017083 2 54721378 4.60828 

BovineHD0200025079 rs135885260 2 87929185 4.86721 

BovineHD0200025093 rs135384440 2 87981727 4.71106 

BovineHD0800028898 rs42225372 8 96201693 4.640665 

BovineHD4100008521 No rsID 11 6760989 4.51176 

BovineHD2000011769 rs136922488 20 40926479 5.180005 

BovineHD2500011433 rs132772434 25 40056270 4.56698 

ARS-BFGL-NGS-

115197 
rs110017100 25 39767015 4.85750 

Session 

Interval 

(min) 

BovineHD0800011192 rs133766990 8 37352437 3.04817 

BovineHD0800017612 rs43560365 8 58531522 3.14675 

BovineHD1400012108 rs41729388 14 40398857 3.18897 

BovineHD2400001830 rs110460578 24 6532273 3.17547 

BTA-87355-no-rs rs41660319 26 27000142 3.05654 

Session Size 

(kg) 

BovineHD1400003099 rs109807965 14 9876129 4.89670 

Hapmap50662-BTA-

33967 
rs41634083 13 13132195 4.93443 

BovineHD2400003540 rs133469167 24 12240445 4.61813 

Number of 

Sessions 

(no/d) 

BovineHD0700014659 rs136215737 7 48783256 4.50026 

BovineHD0800011192 rs133766990 8 37352437 4.59334 

BovineHD2400001830 rs110460578 24 6532273 4.51842 

BovineHD2400002130 rs136946884 24 7336349 4.89128 

Time per 

Session (s) 

ARS-BFGL-NGS-28913 rs42155131 28 42608083 4.56519 

ARS-BFGL-NGS-

104120 
rs110942558 29 37411101 4.70648 

Daily Water 

Intake (kg) 

BovineHD1000007082 rs109310532 10 22062093 4.933939 

BovineHD1000007093 rs134583473 10 22115454 4.827071 

Hapmap50507-BTA-

94221 
Rs41595591 24 54187542 4.982513 

BTB-01841682 rs42951507 26 12274011 5.914186 
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Table 3.9- Previously reported QTL regions which overlapped QTL in this study identified 

for feed or water intake attributes. If no QTL were determined to be associated with feed 

or water intake behaviors, then no QTL were listed in the table. 

 Trait rsID 
Chromosome: 

Position 
QTL trait Source 

Feed 

Number 

of 

Sessions 

rs109466582 10:20834705 

Body weight 
McClure et 

al. (2010) 

Carcass weight 
Casas et al. 

(2003) 

Body weight 

(weaning) 

McClure et 

al. (2010) 

Body height 
Snelling et 

al. (2010) 

rs134486905 10:54343151 

Body weight 
Snelling et 

al. (2010) 

Body weight 

gain 

Sherman et 

al. (2009) 

rs110698940 19:30952848 

Residual feed 

intake 

McClure et 

al. (2010) 

Body weight 

(weaning) 

Sherman et 

al. (2009) 

Intake 

Rate 

rs42480618 17:46716862 

Residual feed 

intake 

McClure et 

al. (2010) 

Body weight 
Brunes et 

al. (2020) 

Feed efficiency 
McClure et 

al. (2010) 

Carcass weight 
McClure et 

al. (2010) 

ARS-USDA-AGIL-

chr10-37393241-

000186 

10:37276549 

Body weight 
McClure et 

al. (2010) 

Body weight 

(weaning) 

McClure et 

al. (2010) 

rs42148856 28:40568738 
Body weight 

(weaning) 

McClure et 

al. (2010) 

rs135671861 15:81138619 

Carcass weight 
Seabury et 

al. (2017) 

Residual feed 

intake 

Maltecca et 

al. (2008) 

rs41732798 14:27952572 

Body weight 

Mizoshita 

et al. 

(2004) 

Average daily 

gain 

Srikanth et 

al. (2020) 

Carcass weight 
Fortes et al. 

(2012) 

Insulin-like 

growth factor 1 

level 

McClure et 

al. (2010) 
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rs42035549 24:2953070 

Carcass weight 
Snelling et 

al. (2010) 

Body weight 
Snelling et 

al. (2010) 

Body weight 

gain 

Crispim et 

al. (2015) 

Maturity rate 
Snelling et 

al. (2010) 

Time per 

Session 

rs134486905 10:54343151 

Body weight 
Snelling et 

al. (2010) 

Body weight 

gain 

McClure et 

al. (2010) 

rs135936657 15:79666048 Body weight 

Michenet 

et al. 

(2016) 

rs29012728 9:87701436 

Body weight 

(weaning) 

Doran et al. 

(2014) 

Carcass weight 
Sherman et 

al. (2009) 

Session 

Size 

rs29010859 3:13768233 

Residual feed 

intake 

McClure et 

al. (2010) 

Body weight 

(weaning) 

McClure et 

al. (2010) 

Body weight 
McClure et 

al. (2010) 

Carcass weight 
Sherman et 

al. (2009) 

rs109939302 1:95417319 

Residual feed 

intake 

Sherman et 

al. (2009) 

Dry matter intake 
McClure et 

al. (2010) 

rs42867118 8:82934733 

Body weight 
McClure et 

al. (2010) 

Carcass weight 
McClure et 

al. (2010) 

Session 

Interval 

rs42032214 12:65289522 

Body weight 
McClure et 

al. (2010) 

Body weight 

(weaning) 

Akanno et 

al. (2018) 

Average daily 

gain 

Seabury et 

al. (2017) 

Residual feed 

intake 

Santana et 

al. (2016) 

Feed conversion 

ratio 

Casas et al. 

(2003) 

rs109190582 10:21841817 

Carcass weight 
McClure et 

al. (2010) 

Body weight 
McClure et 

al. (2010) 
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Body weight 

(weaning) 

McClure et 

al. (2010) 

Dry 

Matter 

Intake 

rs43076526 

 

7:27252564 

 

Residual feed 

intake 

Sherman et 

al. (2009) 

Body height 
McClure et 

al. (2010) 

Social 

separation-

vocalization 

Gutierrez-

Gill et al. 

(2008) 

rs110102846 

 

8:56438327 

 

Body weight 
McClure et 

al. (2010) 

Carcass weight 
McClure et 

al. (2010) 

Body weight 

(weaning) 

Michenet 

et al. 

(2016) 

Gastrointestinal 

nematode burden 

Kim et al. 

(2013) 

rs109372479 

 

8:56452230 

 

Body weight 
McClure et 

al. (2010) 

Body height 
McClure et 

al. (2010) 

Carcass weight 
McClure et 

al. (2010) 

Body weight 

(weaning) 

Michenet 

et al. 2016 

Gastrointestinal 

nematode burden 

Kim et al. 

(2013) 

rs42644402 

 

9:61913789 

 

Average daily 

gain 

Alexander 

et al. 

(2007) 

General disease 

susceptibility 

Holmberg 

et al. 

(2004) 

Retail product 

yield 

Casas et al. 

(2003) 

rs42865604 

 

20:69425225 

 

Body weight 

gain 

Snelling et 

al. (2010) 

Average daily 

gain 

Seabury et 

al. (2017) 

Maturity rate 
Crispim et 

al. (2015) 

Water 

Number 

of 

Sessions 

rs136946884 24:7336349 

Carcass weight 
McClure et 

al. (2010) 

Body weight 

gain 

Snelling et 

al. (2010) 

rs13621573 7:48783256 

Body weight 
Hanotte et 

al. (2003) 

Body weight 

(weaning) 

McClure et 

al. (2010) 
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Body weight 

gain 

Snelling et 

al. (2010) 

Intake 

Rate 

rs136922488 20:40926479 

Body weight 
McClure et 

al. (2010) 

Body weight 

(weaning) 

Michenet 

et al. 

(2016) 

rs135885260 2:87929185 

Body weight 
McClure et 

al. (2010) 

Carcass weight 
McClure et 

al. (2010) 

rs110017100 25:39767015 

Body weight 
Snelling et 

al. (2010) 

Residual feed 

intake 

Sherman et 

al. (2009) 

rs132772434 25:40056270 

Average daily 

gain 

Zhang et 

al. (2020) 

Residual feed 

intake 

Sherman et 

al. (2009) 

Body weight 
Snelling et 

al. (2010) 

Dry matter intake 
Tetens et 

al. (2014) 

BovineHD4100008521 11:6760989 

Body weight 
McClure et 

al. (2010) 

Residual feed 

intake 

Sherman et 

al. (2009) 

Dry matter intake 
Seabury et 

al. (2017) 

Body weight 

gain 

Snelling et 

al. (2010) 

Time per 

Session 

rs110942558 29:37411101 

Body weight 
McClure et 

al. (2010) 

Carcass weight 
McClure et 

al. (2010) 

Body weight 

gain 

Snelling et 

al. (2010) 

Body weight 

(weaning) 

Casas et al. 

(2003) 

Flight from 

feeder 

Gutierrez-

Gill et al. 

(2008) 

rs42155131 28:42608083 

Body weight 

(weaning) 

McClure et 

al. (2010) 

Body weight 
Peters et al. 

(2012) 

Session 

Size 

rs41634083 13:13132195 
Body weight 

(weaning) 

McClure et 

al. (2010) 

rs109807965 14:9876129 Body weight 
McClure et 

al. (2010) 
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Body weight 

(weaning) 

Lu et al. 

(2013) 

rs133469167 24:12240445 

Body weight 

gain 

Snelling et 

al. (2010) 

Body weight 
Snelling et 

al. (2010) 

Carcass weight 
McClure et 

al. (2010) 

Session 

Interval 

rs41729388 14:40398857 

Body weight 
Maltecca et 

al. (2008) 

Body weight 

(weaning) 

McClure et 

al. (2010) 

Average daily 

gain 

Kneeland 

et al. 

(2004) 

Carcass weight 

Mizoshita 

et al. 

(2004) 

rs41660319 26:27000142 

Body weight 
McClure et 

al. (2010) 

Body weight 

(weaning) 

McClure et 

al. (2010) 

Daily 

Water 

Intake 

rs109310532 10:22062093 

Carcass weight 
Casas et al. 

(2003) 

Body weight 
McClure et 

al. (2010) 

Body weight 

(weaning) 

McClure et 

al. (2010) 

Body height 
McClure et 

al. (2010) 

Social 

separation- 

vocalization 

Gutierrez-

Gill et al. 

(2008) 

rs42951507 

 
26:12274011 

Body height 
McClure et 

al. (2010) 

Body weight 
Hanotte et 

al. (2003) 

Retail product 

yield 

Casas et al. 

(2003) 

Social 

separation-

vocalization 

Gutierrez-

Gill et al. 

(2008) 

Immunoglobulin 

G level 

Leach et al. 

(2010) 

rs41595591 24:54187542 

Feed conversion 

ratio 

Sherman et 

al. (2009) 

Feed efficiency 
Brunes et 

al. (2020) 

Residual gain 
Brunes et 

al. (2020) 
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Residual feed 

intake 

Brunes et 

al. (2020) 

Body weight 
Akanno et 

al. (2015) 
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Table 3.10- Significant Single Nucleotide Polymorphism (SNP) associated with feed traits 

with genomic location and the gene candidates in the linkage disequilibrium range (± 250 

kb) associated with each SNP. 

Trait rs ID 
Chromosome: 

Position 
Gene Name Description 

Number of 

Sessions, 

no/d 

rs109466582 10: 20834705 

ADCY4 Adenylate Cyclase 4 

FITM1 
Fat Storage Inducing 

Transmembrane Protein 1 

Intake Rate, 

g/s 

rs13567186 15:81138619 

LOC101905743 
olfactory receptor family 6 

subfamily Q member 1 

LOC524304 
olfactory receptor family 9 

subfamily I member 17 

LOC615808 
olfactory receptor family 9 

subfamily I member 2 

OR9Q2 
Olfactory Receptor Family 9 

Subfamily Q Member 2 

LOC107133203 
olfactory receptor family 1 

subfamily S member 8 

rs41732798 14:27952572 

NKAIN3 

(Sodium/Potassium 

Transporting ATPase 

Interacting 3 

YTHDF3 
YTH N6-Methyladenosine 

RNA Binding Protein 3 

Time per 

Session, s 
rs135936657 15: 79666048 

LOC522775 
olfactory receptor family 8 

subfamily J member 2 

LOC100298605 
olfactory receptor family 5 

subfamily T member 23 

LOC104969845 
olfactory receptor family 5 

subfamily T member 2 

LOC510433 
olfactory receptor family 8 

subfamily H member 14 

LOC506891 
olfactory receptor family 9 

subfamily G member 4 

LOC509594 
olfactory receptor family 9 

subfamily G member 10C 

LOC785896 
olfactory receptor family 8 

subfamily K member 63 

LOC785914 
olfactory receptor family 8 

subfamily K member 60 

LOC790274 
olfactory receptor family 8 

subfamily K member 5 

LOC786201 
olfactory receptor family 8 

subfamily K member 1B 

LOC100336901 
olfactory receptor family 8 

subfamily J member 17 

LOC100336916 
olfactory receptor family 8 

subfamily J member 15 

LOC100300446 
olfactory receptor family 8 

subfamily J member 3 
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LOC100300488 
olfactory receptor family 8 

subfamily U member 1 

LOC100299725 
olfactory receptor family 8 

subfamily U member 9 

LOC100300575 
olfactory receptor family 5 

subfamily AL member 2 

LOC100299764 
olfactory receptor family 5 

subfamily AL member 1 

LOC100299808 
olfactory receptor family 8 

subfamily U member 3 

OR5M3 
olfactory receptor family 5 

subfamily M member 3 

LOC788130 olfactory receptor 5M3-like 

LOC618091 
olfactory receptor family 5 

subfamily M member 13D 

LOC782555 
olfactory receptor family 5 

subfamily M member 10 

LOC781287 
olfactory receptor family 5 

subfamily AP member 2 

OR5AR1 
olfactory receptor family 5 

subfamily AR member 1 

LOC615810 
olfactory receptor family 2 

subfamily AH member 1 

OR9G9 
olfactory receptor family 9 

subfamily G member 9 

LOC509124 
olfactory receptor family 9 

subfamily G member 4D 

Session Size, 

kg 
rs42867118 8:82934733 HSD17B3 

Hydroxysteroid 17-Beta 

Dehydrogenase 3 

Session 

Interval, min 
rs109190582 10:21841817 

PPP1R3E 
Protein phosphatase 1 

regulatory subunit 3E 

LRP10 
LDL receptor related protein 

10 

Dry Matter 

Intake, kg 
rs42644402 9:61913789 CNR1 Cannabinoid receptor 1 
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Table 3.11- Significant Single Nucleotide Polymorphism (SNP) associated with water traits 

with genomic location and the gene candidates in the linkage disequilibrium range (± 250 

kb) associated with each SNP. 

  

Trait rsID or SNP ID 
Chromosome: 

Position 
Gene Name Description 

Number of 

Sessions, no/d 
rs136946884 24:7336349 CD226 CD226 Molecule 

Intake Rate, 

g/s 
BovineHD4100008521 11:6760989 

Mitogen-

Activated 

Protein Kinase 

Kinase Kinase 

Kinase 4 

MAP4K4 

Time per 

Session, s 
rs110942558 29: 37411101 

CD5 CD5 Molecule 

CD6 CD6 Molecule 

Session Size, 

kg 
rs109807965 14: 9876129 ADCY8 Adenylate Cyclase 8 

Session 

Interval, min 

rs41660319 26:27000142 LOC107131335 Uncharacterized 

rs41729388 14: 40398857 

PEX2 Peroxin-2 

LOC101904449 

39S ribosomal 

protein L33, 

mitochondrial 

Daily Water 

Intake, kg 
rs109310532 10:22062093 

LOC615014 

olfactory receptor 

family 6 subfamily E 

member 1D 

LOC619067 

olfactory receptor 

family 6 subfamily E 

member 1B 

LOC104973083 

olfactory receptor 

family 6 subfamily E 

member 1C 

LOC104973084 

olfactory receptor 

family 6 subfamily E 

member 1 

LOC615040 

olfactory receptor 

family 6 subfamily E 

member 1E 
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Figure 3.1- Manhattan plot showing the result of univariate genome-wide association 

mapping with a significance threshold of 4.5 for feed intake traits. A- Number of Sessions 

(no/d), Panel B- Intake rate (g/s), Panel C- Time per session (s), Panel D- Session Size (kg), 

Panel E- top 5 SNPs for Session Interval (min), Panel F- Daily feed intake (kg). 

  

A B 

C 
D 

E 
F 



120 

Figure 3.2- Manhattan plot showing the result of univariate genome-wide association 

mapping with a significance threshold of 4.5 for water intake traits. Panel A- Number of 

Sessions (no/d), Panel B- Intake rate (g/s), Panel C- Time per session (s), Panel D- Session 

Size (kg), Panel E- top 5 SNPs for Session Interval (min), Panel F- Daily water intake (kg). 
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Appendix A - Additional Tables 

Table A.1- Significant Single Nucleotide Polymorphism (SNP) associated with feed number 

of sessions with genomic location and the gene candidates in the linkage disequilibrium 

range (± 250 kb) associated with each SNP. If no genes were within the linkage 

disequilibrium range, then the SNP was not listed in the table. 

 

SNP ID rsID 
Chromosome

: Position 
Gene Name Description 

ARS-BFGL-NGS-

44623 
rs109466582 10: 20834705 

TBC1D21 
TBC1 Domain Family 

Member 21 

LOC104973073 uncharacterized 

SDR39U1 

Short Chain 

Dehydrogenase/Reductas

e Family 39U Member 1 

KHNYN 
KH And NYN Domain 

Containing 

CBLN3 Cerebellin 3 Precursor 

NYNRIN 

NYN Domain And 

Retroviral Integrase 

Containing 

LOC112448387 uncharacterized 

NFATC4 
Nuclear Factor Of 

Activated T Cells 4 

LOC101905010 uncharacterized 

RIPK3 

Receptor Interacting 

Serine/Threonine Kinase 

3 

ADCY4 Adenylate Cyclase 4 

LTB4R Leukotriene B4 Receptor 

LTB4R2 
Leukotriene B4 Receptor 

2 

CIDEB 
Cell Death Inducing 

DFFA Like Effector B 

NOP9 NOP9 Nucleolar Protein 

DHRS1 
Dehydrogenase/Reductas

e 1 

RABGGTA 

Rab 

Geranylgeranyltransferas

e Subunit Alpha 

TGM1 Transglutaminase 1 

TINF2 
TERF1 Interacting 

Nuclear Factor 2 

GMPR2 

Guanosine 

Monophosphate 

Reductase 2 

NEDD8 
NEDD8 Ubiquitin Like 

Modifier 
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MDP1 
Magnesium Dependent 

Phosphatase 1 

CHMP4A 
Charged Multivesicular 

Body Protein 4A 

TSSK4 
Testis Specific Serine 

Kinase 4 

LOC112448388 uncharacterized 

TM9SF1 
Transmembrane 9 

Superfamily Member 1 

IPO4 Importin 4 

REC8 
REC8 Meiotic 

Recombination Protein 

IRF9 
Interferon Regulatory 

Factor 9 

RNF31 Ring Finger Protein 31 

PSME2 
Proteasome Activator 

Subunit 2 

EMC9 
ER Membrane Protein 

Complex Subunit 9 

PSME1 
Proteasome Activator 

Subunit 1 

FITM1 
Fat Storage Inducing 

Transmembrane Protein 1 

DCAF11 
DDB1 And CUL4 

Associated Factor 11 

PCK2 

Phosphoenolpyruvate 

Carboxykinase 2, 

Mitochondrial 

NRL 
Neural Retina Leucine 

Zipper 

CPNE6 Copine 6 

CARMIL3 

Capping Protein 

Regulator And Myosin 1 

Linker 3 

BovineHD100001613

1 
rs134486905 10: 54343151 

TEX9 Testis Expressed 9 

RFX7 Regulatory Factor X7 

TRNASTOP-

UCA 

transfer RNA opal 

suppressor 

NEDD4 
NEDD4 E3 Ubiquitin 

Protein Ligase 

ARS-BFGL-NGS-

119388 
rs110698940 19: 30952848 

MAP2K4 
Mitogen-Activated 

Protein Kinase Kinase 4 

MYOCD Myocardin 

LOC112442638 uncharacterized 

LOC104975039 
small integral membrane 

protein 20-like 

ARHGAP44 
Rho GTPase Activating 

Protein 44 
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Table A.2-Significant Single Nucleotide Polymorphism (SNP) associated with Feed Intake 

Rate with genomic location and the gene candidates in the linkage disequilibrium range (± 

250 kb) associated with each SNP. If no genes were with the linkage disequilibrium range, 

then the SNP was not listed in the table. 

 

SNP ID rsID 
Chromosome: 

Position 
Gene Name Description 

BovineHD1700013389 rs42480618 17:46716862 

RIMBP2 
RIMS binding 

protein 2 

PIWIL1 

Piwi Like RNA-

Mediated Gene 

Silencing 1 

TRNAG-CCC 

transfer RNA 

glycine (anticodon 

CCC) 

FZD10 
Frizzled Class 

Receptor 10 

ARS-USDA-AGIL-

chr10-37393241-000186 
No rsID 10:37276549 

MGA 
MAX Gene-

Associated Protein 

MAPKBP1 

Mitogen-Activated 

Protein Kinase 

Binding Protein 1 

JMJD7 
Jumonji Domain 

Containing 7 

PLA2G4B 
Phospholipase A2 

Group IVB 

SPTBN5 
Spectrin Beta, Non-

Erythrocytic 5 

EHD4 
EH Domain 

Containing 4 

PLA2G4E 
Phospholipase A2 

Group IVE 

LOC112448545 uncharacterized 

PLA2G4D 
Phospholipase A2 

Group IVD 

BovineHD2800011375 rs42148856 28:40568738 

GRID1 

Glutamate 

Ionotropic Receptor 

Delta Type Subunit 

1 

TRNAC-GCA 

TRNA-Cys 

(Anticodon GCA) 7-

1 

BovineHD1500024034 rs135671861 15:81138619 

YPEL4 Yippee Like 4 

CLP1 

Cleavage Factor 

Polyribonucleotide 

Kinase Subunit 1 

LOC112441555 
basic proline-rich 

protein-like 
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ZDHHC5 

Zinc Finger DHHC-

Type 

Palmitoyltransferase 

5 

MED19 
Mediator Complex 

Subunit 19 

TMX2 

Thioredoxin Related 

Transmembrane 

Protein 2 

SELENOH Selenoprotein H 

LOC101905538 uncharacterized 

CTNND1 Catenin Delta 1 

LOC101905743 

olfactory receptor 

family 6 subfamily 

Q member 1 

LOC107131403 uncharacterized 

LOC112441662 uncharacterized 

LOC524304 

olfactory receptor 

family 9 subfamily I 

member 17 

LOC615808 

olfactory receptor 

family 9 subfamily I 

member 2 

OR9Q2 

Olfactory Receptor 

Family 9 Subfamily 

Q Member 2 

LOC107133203 

olfactory receptor 

family 1 subfamily S 

member 8 

Hapmap34036-

BES10_Contig636_1251 
rs41732798 14:27952572 

NKAIN3 

Sodium/Potassium 

Transporting 

ATPase Interacting 

3 

GGH 
Gamma-Glutamyl 

Hydrolase 

TTPA 
Alpha Tocopherol 

Transfer Protein 

YTHDF3 

YTH N6-

Methyladenosine 

RNA Binding 

Protein 3 

BTB-00876819 rs42035549 24:2953070 
LOC112444173 uncharacterized 

LOC101904059 uncharacterized 
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Table A.3- Significant Single Nucleotide Polymorphism (SNP) associated with Feed Time 

per session with genomic location and the gene candidates in the linkage disequilibrium 

range (± 250 kb) associated with each SNP. If no genes were with the linkage 

disequilibrium range, then the SNP was not listed in the table. 

SNP ID rsID 
Chromosome: 

Position 
Gene Name Description 

BovineHD100

0016131 
rs134486905 10: 54343151 

TEX9 
Testis-Expressed 

Protein 9 

RFX7 Regulatory Factor X7 

TRNASTOP-UCA 

transfer RNA opal 

suppressor (anticodon 

UCA) 

NEDD4 
NEDD4 E3 Ubiquitin 

Protein Ligase 

BovineHD150

0023539 
rs135936657 15: 79666048 

LOC522775  

olfactory receptor 

family 8 subfamily J 

member 2 

LOC100298605 

olfactory receptor 

family 5 subfamily T 

member 23 

LOC104969845 

olfactory receptor 

family 5 subfamily T 

member 2 

LOC510433 

olfactory receptor 

family 8 subfamily H 

member 14 

LOC506891 

olfactory receptor 

family 9 subfamily G 

member 4 

LOC509594 

olfactory receptor 

family 9 subfamily G 

member 10C 

LOC785896 

olfactory receptor 

family 8 subfamily K 

member 63 

LOC785914 

olfactory receptor 

family 8 subfamily K 

member 60 

LOC790274 

olfactory receptor 

family 8 subfamily K 

member 5 

LOC786201 

olfactory receptor 

family 8 subfamily K 

member 1B 

LOC100336901 

olfactory receptor 

family 8 subfamily J 

member 17 
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LOC100336916 

olfactory receptor 

family 8 subfamily J 

member 15 

LOC100300446 

olfactory receptor 

family 8 subfamily J 

member 3 

LOC100300488 

olfactory receptor 

family 8 subfamily U 

member 1 

LOC100299725 

olfactory receptor 

family 8 subfamily U 

member 9 

LOC100300575 

olfactory receptor 

family 5 subfamily 

AL member 2 

LOC100299764 

olfactory receptor 

family 5 subfamily 

AL member 1 

LOC100299808 

olfactory receptor 

family 8 subfamily U 

member 3 

OR5M3 

olfactory receptor 

family 5 subfamily M 

member 3 

LOC788130 
olfactory receptor 

5M3-like 

LOC618091 

olfactory receptor 

family 5 subfamily M 

member 13D 

LOC782555 

olfactory receptor 

family 5 subfamily M 

member 10 

LOC781287 

olfactory receptor 

family 5 subfamily 

AP member 2 

OR5AR1 

olfactory receptor 

family 5 subfamily 

AR member 1 

LOC615810 

olfactory receptor 

family 2 subfamily 

AH member 1 

OR9G9 

olfactory receptor 

family 9 subfamily G 

member 9 

LOC509124 

olfactory receptor 

family 9 subfamily G 

member 4D 

Hapmap58334

-rs29012728 
rs29012728 9:87701436 IYD 

olfactory receptor 

family 9 subfamily G 

member 4D 
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LOC100848331 
retinoic acid early 

transcript 1E-like 

PLEKHG1 

pleckstrin homology 

and RhoGEF domain 

containing G1 

LOC112448078 uncharacterized 
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Table A.4- Significant Single Nucleotide Polymorphism (SNP) associated with Feed Session 

Size with genomic location and the gene candidates in the linkage disequilibrium range (± 

250 kb) associated with each SNP. If no genes were with the linkage disequilibrium range, 

then the SNP was not listed in the table. 

SNP ID rsID 
Chromosome: 

Position 
Gene Name Description 

Hapmap53387-

rs29010859 
rs29010859 3:13768233 

LOC101906408 
SLAM family member 

5-like 

TRNAS-GGA 
transfer RNA serine 

(anticodon GGA) 

ETV3 
ETS Variant 

Transcription Factor 3 

ETV3L 

ETS Variant 

Transcription Factor 3 

Like 

ARHGEF11 

Rho Guanine 

Nucleotide Exchange 

Factor 11 

LRRC71 
Leucine Rich Repeat 

Containing 71 

LOC104971464 uncharacterized 

PEAR1 
Platelet Endothelial 

Aggregation Receptor 1 

NTRK1 
Neurotrophic Receptor 

Tyrosine Kinase 1 

INSRR 
Insulin Receptor 

Related Receptor 

ARS-BFGL-NGS-

19199 
rs110052485 10:57415611 

LOC101904374 uncharacterized 

ONECUT1 One Cut Homeobox 1 

TRNAC-GCA 
transfer RNA cysteine 

(anticodon GCA) 

BovineHD1600022863 rs133983237 16:76632577 

CRB1 
Crumbs Cell Polarity 

Complex Component 1 

MIR2284N microRNA mir-2284n 

LOC112441872 uncharacterized 

DENND1B 
DENN Domain 

Containing 1B 

C16H1orf53 
chromosome 16 open 

reading frame, C1orf53 

LHX9 LIM Homeobox 9 

BovineHD0100027341 rs109939302 1:95417319 

FNDC3B 
Fibronectin Type III 

Domain Containing 3B 

LOC112447727 uncharacterized 

LOC101904810 mpv17-like protein 2 

LOC112447728 uncharacterized 
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TMEM212 
Transmembrane Protein 

212 

BovineHD0800025093 rs42867118 8:82934733 

ERCC6L2 
ERCC Excision Repair 

6 Like 2 

LOC112447893 uncharacterized 

LOC112447829 uncharacterized 

HSD17B3 
Hydroxysteroid 17-Beta 

Dehydrogenase 3 

LOC112447897 U6 spliceosomal RNA 

SLC35D2 
Solute Carrier Family 

35 Member D2 

ZNF367 Zinc Finger Protein 367 

LOC100140121 uncharacterized 

HABP4 
Hyaluronan Binding 

Protein 4 
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Table A.5- Significant Single Nucleotide Polymorphism (SNP) associated with Feed Session 

Interval with genomic location and the gene candidates in the linkage disequilibrium range 

(± 250 kb) associated with each SNP. If no genes were with the linkage disequilibrium 

range, then the SNP was not listed in the table. 

SNP ID rs ID 
Chromosome: 

Position 
Gene Name Description 

ARS-BFGL-NGS-

24783 
rs42032214 12:65289522 

LOC112449137 uncharacterized 

LOC101907906 uncharacterized 

ARS-BFGL-NGS-

54655 
rs109190582 10:21841817 

PABPN1 
poly(A) binding protein 

nuclear 1 

BCL2L2 Bcl-2-like protein 2 

PPP1R3E 
Protein phosphatase 1 

regulatory subunit 3E 

HOMEZ 
Homeobox and leucine 

zipper encoding 

RNF212B Ring finger protein 212B 

SLC7A8 
Solute carrier family 7 

member 8 

LOC112448584 U6 spliceosomal RNA 

LOC112448665 U6 spliceosomal RNA 

CEBPE 
CCAAT/enhancer-binding 

protein 

LMLN2 ciliated left-right organizer 

metallopeptidase 

C10H14orf119 
Chromosome 10 C14orf119 

homolog 

ACIN1 
Apoptotic chromatin 

condensation inducer 1 

LOC112448395 uncharacterized 

CDH24 Cadherin 24 

PSMB11 Proteasome subunit beta 

PSMB5 
Proteasome subunit beta 

type-5 

C10H14orf93 
Chromosome 10 C14orf93 

homolog 

AJUBA 
LIM domain-containing 

protein ajuba 

HAUS4 
HAUS augmin like complex 

subunit 4 

TRNAR-ACG-

5 
uncharacterized 

PRMT5 
Protein arginine N-

methyltransferase 5 

RBM23 
RNA binding motif protein 

23 
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REM2 
RRAD and GEM like 

GTPase 2 

LRP10 
LDL receptor related 

protein 10 

MMP14 
39S ribosomal protein L52, 

mitochondrial 

MRPL52 Uncharacterized 

LOC112448396 
Solute carrier family 7 

member 7 

SLC7A7 
Mitochondrial inner 

membrane protein OXA1L 

OXA1L 
Mitochondrial inner 

membrane protein OXA1L 

LOC615014 
olfactory receptor family 6 

subfamily E member 1D 
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Table A.6- Significant Single Nucleotide Polymorphism (SNP) associated with Dry Matter 

Intake with genomic location and the gene candidates in the linkage disequilibrium range 

(± 250 kb) associated with each SNP. If no genes were with the linkage disequilibrium 

range, then the SNP was not listed in the table. 

 

  

SNP ID rs ID 
Chromosome: 

Position 
Gene Name Description 

BovineHD0700008050 rs43076526 7:27252564 

MARCH3 

membrane 

associated ring-

CH-type finger 3 

LMNB1 Lamin B1 

LOC112447582 
U6 spliceosomal 

RNA 

TEX43 
Testis expressed 

43 

ALDH7A1 

Aldehyde 

dehydrogenase 7 

family member 

A1 

GRAMD2B 
GRAM domian 

containing 2B 

LOC112447385 uncharacterized 

MIR2458 
microRNA 

mir2458 

LOC112447386 uncharacterized 

PHAX 

phosphorylated 

adaptor for RNA 

export 

BovineHD0800017083 rs109372479 8:56452230 LOC112447807 

nuclear pore-

associated protein 

1-like 

BovineHD0900017249 rs42644402 9:61913789 

TRNAD-GUC 

transfer RNA 

aspartic acid 

(anticodon GUC) 

CNR1 
cannabinoid 

receptor 1 

SPACA1 
sperm acrosome 

associated 1 

TRNAE-UUC-46 

transfer RNA 

glutamic acid 

(anticodon UUC) 

BovineHD2000020297 rs42865604 20:69425225 IRX1 
Iroquois 

homeobox 1 
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Table A.7- Significant Single Nucleotide Polymorphism (SNP) associated with Water 

Number of Sessions with genomic location and the gene candidates in the linkage 

disequilibrium range (± 250 kb) associated with each SNP. If no genes were with the 

linkage disequilibrium range, then the SNP was not listed in the table. 

 

SNP ID rs ID 
Chromosome: 

Position 
Gene Name Description 

BovineHD2400002130 rs136946884 24:7336349 

RTTN Rotatin 

CD226 CD226 molecule 

DOK6 
Docking protein 

6 

LOC101907606 Uncharacterized 

BovineHD0700014659 rs136215737 7: 48783256 SPOCK1 

SPARC 

(osteonectin), 

cwcv and kazal 

like domains 

proteoglycan 1 
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Table A.8- Significant Single Nucleotide Polymorphism (SNP) associated with Water 

Intake Rate with genomic location and the gene candidates in the linkage disequilibrium 

range (± 250 kb) associated with each SNP. If no genes were with the linkage 

disequilibrium range, then the SNP was not listed in the table. 

SNP ID rsID 
Chromosome: 

Position 
Gene Name Description 

BovineHD2000011

769 
rs136922488 20:40926479 

NPR3 
Natriuretic Peptide 

Receptor 3 

LOC104975283 uncharacterized 

SUB1 
SUB1 Regulator Of 

Transcription 

TRNAG-CCC 

transfer RNA 

glycine (anticodon 

CCC) 

BovineHD0200025

079 
rs135885260 2:87929185 

SATB2 SATB Homeobox 2 

LOC112442950 uncharacterized 

LOC112443725 
U6 spliceosomal 

RNA 

ARS-BFGL-NGS-

115197 
rs110017100 25:39767015 

SDK1 

Sidekick Cell 

Adhesion Molecule 

1 

LOC112444323 uncharacterized 

BovineHD2500011

433 
rs132772434 25:40056270 

SDK1 

Sidekick Cell 

Adhesion Molecule 

1 

LOC112444323 uncharacterized 

MIR2390 
microRNA mir-

2390 

BovineHD4100008

521 
No rsID 11:6760989 

MAP4K4 

Mitogen-Activated 

Protein Kinase 

Kinase Kinase 

Kinase 4 

LOC112448746 uncharacterized 

IL1R2 
Interleukin 1 

Receptor Type 2 

IL1R1 
Interleukin 1 

Receptor Type 1 

LOC112448931 
small nucleolar 

RNA SNORD86 
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Table A.9- Significant Single Nucleotide Polymorphism (SNP) associated with Water 

Session Size with genomic location and the gene candidates in the linkage disequilibrium 

range (± 250 kb) associated with each SNP. If no genes were with the linkage 

disequilibrium range, then the SNP was not listed in the table. 

 

  

SNP ID rsID 
Chromosome: 

Position 
Gene Name Description 

Hapmap50662-BTA-

33967 
rs41634083 13: 13132195 

CELF2 
CUGBP Elav-Like 

Family Member 2 

MIR7861 microRNA mir-7861 

BovineHD140000309

9 
rs109807965 14: 9876129 ADCY8 Adenylate Cyclase 8 

BovineHD240000354

0 
rs133469167 24: 12240445 

SERPINB8 
Serpin Family B Member 

8 

TRNAK-UUU 
transfer RNA lysine 

(anticodon UUU) 

LOC112444149 uncharacterized 

LOC281376 
serpin family B member 

2-like 
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Table A.10-Significant Single Nucleotide Polymorphism (SNP) associated with Water 

Session Interval with genomic location and the gene candidates in the linkage 

disequilibrium range (± 250 kb) associated with each SNP. If no genes were with the 

linkage disequilibrium range, then the SNP was not listed in the table. 

 

SNP ID rs ID 
Chromosome: 

Position 
Gene Name Description 

BovineHD1400012108 rs41729388 14: 40398857 

PEX2 Peroxin-2 

LOC101904449 

39S ribosomal 

protein L33, 

mitochondrial 

BTA-87355-no-rs rs41660319 26:27000142 LOC107131335 uncharacterized 
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Table A.11- Significant Single Nucleotide Polymorphism (SNP) associated with Water 

Time per session with genomic location and the gene candidates in the linkage 

disequilibrium range (± 250 kb) associated with each SNP. If no genes were with the 

linkage disequilibrium range, then the SNP was not listed in the table. 

SNP ID rsID 
Chromosome: 

Position 
Gene Name Description 

ARS-BFGL-

NGS-104120 
rs110942558 29: 37411101 

LOC112444852 uncharacterized 

CCDC86 
Coiled-Coil Domain 

Containing 86 

PTGDR2 
Prostaglandin D2 

Receptor 2 

TRNAF-GAA 

transfer RNA 

phenylalanine (anticodon 

GAA) 

PRPF19 
Pre-MRNA Processing 

Factor 19 

LOC100847182 uncharacterized 

TMEM109 
Transmembrane Protein 

109 

TMEM132A 
Transmembrane Protein 

132A 

SLC15A3 
Solute Carrier Family 15 

Member 3 

CD6 CD6 Molecule 

LOC112444913 uncharacterized 

LOC112444914 uncharacterized 

CD5 CD5 molecule 

VPS37C 
VPS37C Subunit Of 

ESCRT-I 

LOC613739 
pregnancy-associated 

glycoprotein 2 

LOC100847667 uncharacterized 

PAG10 
pregnancy-associated 

glycoprotein 10 

PAG2 
pregnancy-associated 

glycoprotein 2 

PAG12 
pregnancy-associated 

glycoprotein 12 

ARS-BFGL-

NGS-28913 
rs42155131 28:42608083 

PTPN20 

protein tyrosine 

phosphatase non-receptor 

type 20 

FRMPD2 
FERM and PDZ domain 

containing 2 
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MAPK8 
mitogen-activated protein 

kinase 8 

ARHGAP22 
Rho GTPase Activating 

Protein 22 

 

  



170 

Table A.12- Significant Single Nucleotide Polymorphism (SNP) associated with Daily 

Water Intake with genomic location and the gene candidates in the linkage disequilibrium 

range (± 250 kb) associated with each SNP. If no genes were with the linkage 

disequilibrium range, then the SNP was not listed in the table. 

SNP ID rs ID 
Chromosome: 

Position 
Gene Name Description 

BovineHD1000007082 rs109310532 10:22062093 

CDH24 Cadherin 24 

PSMB11 
Proteasome 

subunit beta 11 

PSMB5 
Proteasome 

subunit beta 5 

C10H14orf93 

Chromosome 10 

C114orf93 

homolog 

AJUBA Ajuba LIM protein 

HAUS4 
HAUS augmin like 

complex subunit 4 

TRNAR-ACG-5 

Transfer RNA 

arginine 

(anticodon ACG) 

PRMT5 

Protein arginie 

methyltransferase 

5 

RBM23 
RNA binding 

motif protein 23 

REM2 
RRAD and GEM 

GTPase 2 

LRP10 
LDL receptor 

related protein 10 

MMP14 

matrix 

matellopeptidase 

14 

MRPL52 

mitochondrial 

ribosomal protein 

L 52 

LOC112448396 uncharacterized 

SLC7A7 
Solute carrier 

family 7 member 7 

OXA1L 

OXA1L 

mitrochondrial 

innter membrane 

protein 

LOC615014 

olfactory receptor 

family 6 subfamily 

E member 1D 

LOC619067 

olfactory receptor 

family 6 subfamily 

E member 1B 
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LOC104973083 

olfactory receptor 

family 6 subfamily 

E member 1C 

LOC104973084 

olfactory receptor 

family 6 subfamily 

E member 1 

LOC615040 

olfactory receptor 

family 6 subfamily 

E member 1E 

ABHD4 

Abhydrolase 

domain containing 

4, N-acyl 

phospholipase B 

DAD1 
Defender against 

cell death 1 

LOC100336282 uncharacterized 

BTB-01841682 rs42951507 26:12274011 

LOC784522 
zinc finger protein 

332 

HTR7 

5-

hydroxytryptamine 

receptor 7 

RPP30 

ribonuclease 

P/MRP subunit 

p30 

Hapmap50507-BTA-

94221 
rs41595591 24:54187542 

LOC100137989 uncharacterized 

DYNAP 
Dynactin 

associated protein 

RAB27B 

RAB27B, member 

RAS oncogene 

family 

CCDC68 
coiled-coil domain 

containing 68 

 


