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ABSTRACT 

UNDERSTANDING THE GENOMIC ARCHITECTURE OF FEED EFFICIENCY AND 

IMPLICATIONS OF SELECTION FOR IT IN DAIRY CATTLE

Kerry L. Houlahan 

University of Guelph, 2021

Advisor(s): 

Dr. Christine F. Baes 

Dr. Flavio S. Schenkel 

The sustainability and profitability of the dairy industry is at the forefront of current 

research. This is, in large part, due to increases in the costs of production and growing concern for 

the environmental impact of the dairy industry. Historically, traits related to improving feed 

efficiency have not been included in selection programs due to the high cost of phenotyping. With 

advancements in genomic selection and international collaboration, including feed efficiency into 

selection programs has become more feasible. The goal of this thesis was to determine the impact 

of selecting to improve feed efficiency in dairy cattle and better understand the underlying genomic 

architecture. Direct selection for residual feed intake yielded the greatest economic response 

compared to the other scenarios, while also minimizing the potential negative impacts to other 

traits. In order to identify the pattern of feed efficiency over the lactation, random regression 

models were used. Our findings suggest that genetic parameters for feed efficiency and its 

underlying traits change over the lactation, and that there could be specific time points within the 

lactation in which increased genetic gain is expected. Genome-wide association studies (GWAS) 

were performed for feed efficiency and its underlying traits considering either two lactation stages 

or the random regression coefficients. Results from the GWAS showed that feed efficiency is a 

polygenic trait, and that SNP effects change throughout the lactation. In addition, no candidate 

genes were found in common between both lactation stages. The results of this thesis allow for a 

further understanding of the genetic and genomic background of feed efficiency in dairy cattle.  
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Chapter 1 : General Introduction 

With the growing consumer awareness of animal production practices and the impact of 

agriculture on the environment, the demand for ethically and sustainably produced food is 

expanding. Concomitantly, the current world population is expected to reach 9.8 billion people by 

2050 (FAO, 2020). In this context, improving farm efficiency in an ethical and sustainable way is 

paramount to achieve production success in the dairy cattle industry. It is estimated that over 50% 

of the total dairy farm costs are associated with feed (Connor, 2015; Van Biert, 2019). Therefore, 

reducing costs related to feed can directly impact the producers profit and consequently, the long-

term sustainability of the dairy industry (Hemme et al., 2014). Breeding for feed efficiency has the 

potential to reduce production costs and increase farm profitability, as efficient animals tend to 

consume less feed while maintaining production, health and fertility (Pryce et al., 2015). This 

decrease in production costs associated with the improvement of cow efficiency can directly 

improve the long-term sustainability of the dairy industry.  

1.1 Measuring Feed Efficiency 

Feed efficiency (FE) can be estimated using different methods (Coleman et al., 2010; Berry 

and Crowley, 2013; Connor, 2015). In summary, all methods take into account the amount of feed 

consumed, the amount of energy required to maintain basal metabolic function, and the amount of 

milk produced. In this context, measurements of FE can be placed into two categories: ratio traits 

and residual (or regression) traits. Ratio traits include traits such as feed conversion ratio and feed 

conversion efficiency. Feed conversion ratio is related to growth, and it is usually measured as the 

ratio of average daily intake to average daily gain (Gunsett, 1984). Due to its inefficiency to 

account for the extra energy sink (e.g., milk production), feed conversion ratio is generally not 

used for lactating animals (Berry and Crowley, 2013). Feed conversion efficiency has been 

proposed as a better indicator of FE for lactating animals, as it considers units of production per 

units of feed consumed (Nieuwhof et al., 1992; Berry and Crowley, 2013). However, ultimately, 

neither of them are ideal for selection purposes, as it is not clear which aspect of the ratio is being 

altered due to the selection pressure (Gunsett, 1984).  
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Residual or regression traits are calculated as the residual of a regression model, and 

include traits like residual feed intake (RFI), residual solids production (Coleman et al., 2010), 

and residual energy intake (Mäntysaari et al., 2012; Liinamo et al., 2015; Fischer et al., 2018). RFI 

is a very common measure of FE, which addresses the difference between actual feed intake and 

intake predicted based on cows requirements during lactation, pregnancy, and maintenance of 

body weight (Kennedy et al., 1993). RFI is usually estimated as the residual of a linear regression 

of dry matter intake (DMI) on energy sinks such as energy corrected milk (ECM) and metabolic 

body weight (MBW) (Pryce et al., 2014; Connor, 2015). Residual solids production is calculated 

in a similar manner to RFI but considers the milk solids produced relative to the expected solids 

produced, based on the feed intake and other energy sinks or sources (Coleman et al., 2010). 

Additionally, residual energy intake is predicted using a similar method, where DMI is substituted 

for dietary net energy and ECM is substituted for milk net energy (Seymour et al., 2020). The use 

of RFI as a measure of FE is favored compared to the other traits, because RFI is phenotypically 

uncorrelated to production and body maintenance (Pryce et al., 2014, 2015; Connor, 2015).  

1.2  Feed Efficiency in the Lactation 

When considering FE in lactating cows, it is necessary to understand the basic physiology 

of the lactation. Feed intake and milk production change over time, and have a distinct pattern over 

the lactation (Allen, 2000; Pollott, 2000; Forbes, 2007). Moreover, Seymour et al. (2020) 

demonstrated that FE is dynamic, changing on a daily basis. Regardless of the indicator trait used 

to describe FE, its basic physiology can be partitioned into two main areas: aspects that regulate 

voluntary feed intake and aspects that regulate the conversion of nutrients into milk (Brito et al., 

2020). Additionally, all measures of FE are dependent on the amount of feed consumed, which 

makes the regulation of voluntary feed intake very important when considering FE. Gut fill is 

considered to be the major limiting factor for voluntary feed intake, especially in early lactation 

when energy demands are the highest (Allen, 2000). During early lactation cows are in negative 

energy balance (NEB), which means that they are unable to consume enough feed to meet their 

energy demands (Drackley, 1999; Grummer et al., 2004). Consequently, they tend to mobilize 

body reserves to meet their energy demands for milk production during this lactation period 

(Garnsworthy, 2006). In addition to gut fill, decrease in appetite due to mobilization of body 
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reserves is also a limiting factor that contributes to the NEB in early lactation (Goff, 2008). 

Therefore, the high production and low feed consumption observed in early lactation should be 

carefully differentiated from the usual definition of feed efficiency, mainly due to NEB (Chud et 

al., 2019). Due to this false sense of efficiency, selection to improve FE should not be focused on 

early lactation. After peak lactation occurs, cows are able to replenish the body reserves that they 

lost while maintaining milk production. Moreover, as lactation progresses, an excess of energy 

that is not required for milk production, body maintenance or pregnancy remains available (Chud 

et al., 2019). Thus, breeding for FE should aim to reduce the excess of energy in later stages of 

lactation.  

Considering the dynamic nature of FE, discussions regarding the optimal time to collect 

measurements and perform selection for FE are available in the literature. For instance, Connor et 

al. (2019) suggested collecting data for a period of 64 to 70 days between 150 and 220 days in 

milk, as this approach was found to provide the best approximation of FE for the whole lactation. 

Other studies (e.g., Tempelman et al., 2015; Li et al., 2018; Krattenmacher et al., 2019) have 

investigated FE and its components (feed intake, milk production and body maintenance) using 

the complete lactation curve, based on random regression models (RRM). Using RRM to analyze 

FE as a longitudinal trait (i.e., as a trait that follows a trajectory over time and/or production cycle; 

Laird and Ware (1982), Schaeffer (2004), Oliveira et al. (2019)), can provide insights on the 

variation of biological and underlying physiological processes related with the studied trait 

(Strucken et al., 2015). Thus, using RRM can potentially help to determine the optimal strategy to 

select for increased FE.  

1.3 Selection for Improved Feed Efficiency 

Historically, genetic selection in dairy cattle primarily focused on increasing milk 

production and improving conformation (Miglior et al., 2017). However, over the last 25 years, 

traits related to health and fertility were added into the selection breeding programs to create more 

balanced selection programs, leading to overall better animals for production, health and fertility 

(Miglior et al., 2017). Since the implementation of genomic selection in 2009, novel traits that 

previously were too difficult or expensive to measure also started to be incorporated into selection 

indexes. For instance, genomic evaluations for traits related to metabolic diseases (2016), hoof 
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health (2018) and most recently FE (2021) became available as part of routine genomic evaluations 

in Canada (Beavers and Van Doormaal, 2016, 2018; Richardson and Van Doormaal, 2021).  

National organizations began implementing FE traits into selection programs as early as 

2015, when Australia introduced feed saved (Pryce et al., 2015). Through the successful 

implementation of feed saved into the Australia’s breeding program, animals one standard 

deviation above the mean consume 65 kg less feed while maintaining production (Pryce et al., 

2018). Recently, the United States of America (USA) implemented feed saved into the national 

official genetic evaluation program, and is including it in their national selection index in 2021 

(Parker Gaddis et al., 2021). New Zealand indirectly selects to improve FE by incorporating milk 

production, live weight, and body condition score into their national selection index (Pryce et al., 

2014; DairyNZ, 2016). Since December 2017, genomic estimated breeding values (GEBV) 

became available as part of the Better Life Efficiency Index in the Netherlands, which considers 

feed required for both production and maintenance (CRV, 2018). More recently, countries such as 

Canada and the United Kingdom (UK) have released their own FE traits. The UK released GEBV 

for wasted feed as a measure of efficiency. Wasted feed refers to the excess feed after considering 

milk energy, maintenance requirements, and the correlations between milk energy, intake, and live 

weight (Li et al., 2021). As previously mentioned, Canada released genomic evaluations for FE in 

2021, in the form of genomic RFI that is genetically and phenotypically uncorrelated to production 

and body size (Lu et al., 2015; Jamrozik et al., 2021).  

National official breeding programs are not the only ones offering FE traits. Private 

companies such as CRV (Arnhem, Gelerthe Netherlands), Select Sires (Plain City, Ohio, USA), 

GENEX (Shawano, Wisconsin, USA), STgenetics (Navasota, Texas, USA), and VikingGenetics 

(Assentoft, Randers, Denmark) started predicting GEBV for improved FE through their own 

selection breeding programs in 2019. In the USA, CRV offers the “Better Life Efficiency 

program”, which identifies bulls that have a high lifetime production to lifetime feed intake ratio 

(CRV, 2019). VikingGenetics also released a saved feed index, similar to the one offered by CRV 

in the Netherlands, and they are now working towards using 3D cameras on commercial farms to 

increase the availability of data for prediction of FE (VikingGenetics, 2019, 2020). FeedPRO®, an 

index created by Select Sires, focuses on producing moderately sized cows while maintaining or 
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increasing production levels (Select Sires, 2019). GENEX created the “Production Efficiency” 

(PREF$) as part of the Ideal Commercial Cow Index (ICC$), where the production efficiency sub 

index is aimed to result in cows that are higher yielding with lower feed costs (GENEX, 2018). 

Finally, STgenetics released EcoFeed™, which is designed to produce daughters that consume 

around 135 kg less feed per lactation than the average cow while maintaining production 

(STgenetics, 2018). It is worth noting that details regarding the selection indexes and methods 

mentioned in this thesis to predict FE are still publicly limited. Moreover, there is no clear 

consensus on the optimal method or time frame to perform selection for FE. This highlights the 

need for further research to better understand the genetic architecture of FE, as well as to define 

the best way to incorporate FE into selection breeding programs.  

1.4 Objectives 

The overarching objective of this thesis was to provide a better understanding of the 

dynamic background of feed efficiency (FE), as well as the potential implications of including FE 

into a selection index. The specific objectives were to:  

1) Simulate the economic and genetic impact of including FE, as RFI, through direct and 

indirect selection in a selection index.  

2) Estimate variance components and genetic parameters for FE and its underlying traits over 

a 305-day lactation, for first lactation cows, using random regression models. 

3) Assess the potential impact of selecting for RFI at various time points within the lactation.  

4) Understand the changes in the genetic architecture of FE over the lactation, by identifying 

genomic regions and candidate genes related to FE and its underlying traits over the 

lactation. 
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2.1 Abstract 

The inclusion of feed efficiency in the breeding goal for dairy cattle has been discussed for 

many years. The effects of incorporating feed efficiency into a selection index were assessed by 

indirect selection (dry matter intake) and direct selection (residual feed intake) using deterministic 

modeling. Both traits were investigated in three ways: 1) restricting the trait genetic gain to zero; 

2) applying negative selection pressure; and 3) applying positive selection pressure. Changes in 

response to selection from economic and genetic gain perspectives were used to evaluate the 

impact of including feed efficiency with direct or indirect selection in an index. Improving feed 

efficiency through direct selection on residual feed intake was the best scenario analyzed, with the 

highest overall economic response including favorable responses to selection for production and 

feed efficiency. Over time, the response to selection is cumulative, with the potential for animals 

to reduce consumption by 0.16kg to 2.77kg of dry matter per day while maintaining production. 

As the selection pressure increased on residual feed intake, the response to selection for 

production, health, and fertility traits and body condition score became increasingly less favorable. 

This work provides insight into the potential long-term effects of selecting for feed efficiency as 

residual feed intake 

2.2  Introduction 

With the global population rising rapidly, sustainable dairy production is a major research 

topic due to the demand for high-quality and sustainably produced dairy products (Agriculture and 

Agri-Foods Canada, 2017). Methods to increase the sustainability of the dairy industry are under 

continuous investigation. One potential way to improve on-farm efficiency is to breed for animals 

that are more feed efficient. Feed is a major expense for the dairy industry, accounting for over 

50% of farm operations’ total costs (Connor, 2015; Van Biert, 2019). Therefore, the efficiency 

with which cows convert feed to milk directly impacts farm costs and efficiency (Hemme et al., 

2014; Tempelman et al., 2015b). An efficient cow is the one that consumes less feed for the same 

amount of milk production while maintaining health and fertility; thus, allowing for a reduction of 

costs without reduced production (Pryce et al., 2015).  
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Historically, genetic selection of dairy cattle was focused primarily on increasing milk 

production but additional traits, such as fertility and health, have been incorporated into selection 

programs around the world over the last 25 years (Miglior et al., 2005, 2017). Due to an increased 

focus on the financial aspects of dairy production, dairy producers prioritize selecting traits related 

to healthy and high-producing cows that are reproductively fit and have a long productive life in 

the herd. In Canada, there are currently two official selection indices: the Lifetime Performance 

Index (LPI) and Pro$, neither of which yet contain a direct feed efficiency (FE) trait (Canadian 

Dairy Network, 2015; Canadian Dairy Commission, 2017). Thus, there is an opportunity to include 

a FE trait in selection indices to improve the sustainability of Canadian dairy production.  

There has been successful selection for FE in other livestock species, such as swine and 

poultry (Kennedy et al., 1993b; Patience et al., 2015; Abdalla et al., 2019). In dairy cattle, variation 

in the amount of feed consumed among animals of similar production levels has been observed, 

suggesting the ability to select for animals that are more efficient at feed utilization (Liinamo et 

al., 2012; Berry et al., 2014). This observation has led to the investigation of including FE in 

breeding objectives worldwide (Gonzalez-Recio et al., 2014; Veerkamp et al., 2014; Connor, 2015; 

Pryce et al., 2015; Løvendahl et al., 2018). The lack of practical methods for measuring feed intake 

on a large number of animals has hindered the incorporation of FE into breeding programs. Using 

technologies such as milk mid-infrared spectroscopy (McParland et al., 2014) and 3D cameras 

(Lassen et al., 2018) to estimate feed intake could enable more large-scale phenotyping, allowing 

for easier implementation of FE into breeding programs (Seymour et al., 2019; Brito et al., 2020). 

With many aspects of including FE in breeding programs still unknown, the purpose of this 

research was to estimate preliminary genetic and phenotypic correlations for dry matter intake and 

residual feed intake with eight currently evaluated traits and to simulate the impact of including 

FE through direct and indirect selection in a selection index. 
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2.3 Material and Methods 

2.3.1. Data 

2.3.1.1. Trait Definitions 

The evaluated traits were chosen as representatives for aspects of current selection that 

could be most impacted by the inclusion of novel traits and made up the core list of traits included 

in each scenario. The core traits were from first-lactation animals and included two production 

traits: fat yield (FY) and protein yield (PY); two fertility traits: age at first service for heifers (AFS) 

and interval from first service to conception for first parity cows (FSTC); two type traits: body 

condition score (BCS) and stature (STAT); and two health traits: clinical ketosis (CK) and 

displaced abomasum (DA). Fat yield and protein yield were measured as total 305-d yield in the 

first lactation. Age at first service was the difference between the date of birth and date of the first 

insemination, expressed in days. First service to conception was the number of days between the 

first service and successful conception in cows. Both health traits (CK and DA) were producer 

recorded and defined as binary traits, where 0 represented no incidence of the disease and 1 

represented at least one case of the disease in the first lactation. The type traits (BCS and STAT) 

were assessed by trained classifiers at Holstein Canada during the animals first lactation 

(Brantford, ON, Canada), with BCS being a measure of the fat covering over the tail head and 

rump on a scale of one (very thin) to five (very fat), and STAT was measured in centimeters from 

the top of the spine in between the hips to the ground. The novel traits selected for inclusion were 

dry matter intake (DMI) and, as a measure of FE, residual feed intake (RFI). Dry matter intake is 

a measure of feed intake and was defined as the average amount of dry matter (DM) consumed 

per day in kilograms by an animal for a standard 305-d lactation. Residual feed intake is a measure 

of FE that was defined as the difference between an animal’s expected feed intake based on 

requirements for maintenance and production and its actual feed intake (Berry and Crowley, 

2013b; Connor, 2015). To determine the effects of the novel traits on the core traits' genetic trends 

and the impact on the overall selection index, DMI and RFI were included separately in the 

selection index. 
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2.3.1.2. Data 

The dataset for the eight core traits was provided by Lactanet Canada (Guelph, Canada) 

and the dataset for DMI and RFI was provided by the Efficient Dairy Genome Project 

(https://www.genomedairy.ualberta.ca/). Data for DMI and RFI were available from five research 

stations located in Canada (University of Guelph, Ontario; University of Alberta, Alberta; 

Commercial Herd, Alberta), the United States of America (USDA-ARS, Beltsville, MD), 

Denmark (Aarhus University, Tjele), and Switzerland (Agroscope, Posieux). Data from a 

Canadian commercial herd was also available for this study. The data were standardized, and 

records were re-scaled to the mean and standard deviation for Canadian cows. Average daily DMI 

records were available for a 305-d lactation on 2,360 first-lactation animals. Residual feed intake 

was calculated for 2,030 animals as the residual of the linear fixed regression of DMI on energy 

corrected milk yield (ECM; (Sjaunja et al., 1990)) and metabolic body weight (MBW; body 

weight0.75). The data on the eight core traits came from a random sampling of 5% of all Canadian 

herds in the database, apart from the three herds collecting DMI, ECM, MBW, and RFI. The 

resulting file contained around 150,000 animals. Further details on these data, including editing 

procedures and results for genetic and phenotypic correlations between the eight core traits, were 

presented by Oliveira Junior et al. (2021). Trait definitions, genetic and phenotypic standard 

deviation, heritability, and breeding value accuracy are presented in Table 2.1. 

2.3.2. Genetic Parameter Estimation 

The genetic correlations among the eight core traits and the two FE traits were estimated 

with a series of bivariate animal models using WOMBAT version 07-02-2020 (Meyer, 2007). The 

effects considered in the models depended on the trait and followed Interbull recommendations 

for the eight core traits (Oliveira Junior et al., 2021). The model for DMI and RFI is presented 

below using the general statistical model of: 

𝒚 = 𝑿𝒃 + 𝒁𝒂 + 𝑾𝒉 + 𝒆, 

where 𝒚 is the vector of the observed phenotypes; 𝒃 is the vector of fixed effects including year-

season of calving (66 levels) and age at calving class (6 levels); 𝒂 is the vector of random additive 

genetic effects; 𝒉 is the vector of random herd-year of calving effects; 𝑿, 𝒁, and W are incidence 
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matrices relating 𝒃, 𝒂, and 𝒉 with the phenotypic observations in 𝒚; and 𝒆 is the vector of random 

residual error. The covariance matrices of 𝒂, 𝒉, and 𝒆 were assumed to be:  

𝑣𝑎𝑟 [
𝒂
𝒉
𝒆

] = [

𝑨𝜎𝑎
2 0 0

0 𝑰𝜎ℎ
2 0

0 0 𝑰𝜎𝑒
2

] 

𝑣𝑎𝑟 [
𝒂
𝒉
𝒆

] = [

𝑨𝜎𝑎
2 0 0

0 𝑰𝜎ℎ
2 0

0 0 𝑰𝜎𝑒
2

] 

where 𝜎𝑎
2 is the additive genetic variance, 𝜎ℎ

2 is the herd-year variance, 𝜎𝑒
2 is the residual variance, 

𝑨 is the numerator relationship matrix, and 𝑰 is an identity matrix. The genetic parameters for the 

core traits are available in Table 2.5. The average genomic breeding value (GEBV) accuracy of 

1,390 bulls born between 2010 and 2018 was provided by Lactanet Canada for all core traits and 

used as an input parameter for the simulation together with the parameter estimates. The estimate 

of GEBV accuracy for DMI was provided by the Efficient Dairy Genome Project (Miglior et al., 

2018), while a literature estimate was used for the GEBV accuracy for RFI (Pryce et al., 2014) as 

presented in Table 2.1. 

2.3.3. Modeling Software 

The modeling of including either DMI or RFI into a breeding program was done using 

ZPLAN+ (version 1.5.10), a deterministic modeling program that can be used to model genetic 

and economic parameters within complex breeding programs (Täubert et al., 2010). The program 

utilizes selection index theory (Hazel and Lush, 1942), the gene flow method (Hill, 1974), and 

economic modeling. To follow the gene flow, the population structure has to be defined using 

selection groups with their selection criteria, such as selection intensity and breeding goals. As 

already mentioned, an additional required input for the software is the accuracy of the GEBV.  

2.3.4. Population Structure 

This study focused on different scenarios with the same population structure. The male 

selection pathway contained three steps modeled to resemble the current Canadian setting. The 

simulation began with 30,000 genotyped bull calves (< 1 year of age), where 2,000 (7%) became 
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genomic bulls to be used for mating (Van Doormaal, 2014). The genomic bulls, which are bulls 

for which breeding values are based solely on their genomic information, remained at this stage 

for three years, at which time 100 (5%) of these became proven bulls, which had 100 daughter 

records each (Van Doormaal, 2014). Selected proven bulls remained as active breeding bulls for 

two additional years. The female selection pathway began with a population of 500,000 heifer 

calves, where 425,000 (85%) of the animals joined the milking herd at the time of first calving 

(Schaeffer, 2006). They remained in the herd as lactating cows for three lactations. From the initial 

population of 500,000 heifer calves, 50,000 (10%) became elite females, which were used to 

produce the next generation of bulls (Schaeffer, 2006). Elite females were mated exclusively to 

genomic bulls, while 70% of the general milking herd were mated to genomic bulls and 30% mated 

to proven bulls (Van Doormaal, 2017). A visual representation of the population structure is 

presented in Figure 2.1. The allele flow matrix, where pij represents the proportion of alleles in 

class i at time t that come from class j at time t-1, for the breeding pathways is presented in Table 

2.2. This matrix describes the source of all alleles in each age class (Wilton et al., 2013). 

2.3.5. Selection Scenarios  

The incorporation of FE was carried out placing direct or indirect selection pressure on 

RFI, a measure of FE. To assess the impact of direct versus indirect selection, selection pressure 

was applied to DMI (indirect selection) or RFI (direct selection) using three methods: 1) restricting 

the trait genetic gain to zero (C); 2) applying negative (unfavorable) selection pressure (N); and 3) 

applying positive (favorable) selection pressure (P). For a baseline measurement, a scenario where 

DMI and RFI were included without selection pressure (BASE) was considered. Due to the high 

standard error for the estimated genetic correlations between the novel traits and currently recorded 

traits, two versions of each selection scenario were performed. The first version of each scenario 

(BASE, C, P, and N) used the estimated genetic parameters. The second version of each scenario 

(BASE_SD, C_SD, P_SD, and N_SD) used more conservative parameters, where the genetic 

parameters were adjusted by moving the correlation towards zero, either through adding or 

subtracting the respective standard error (Table 2.6). Index weights were optimized for each 

selection scenario, considering the economic value, genetic and phenotypic (co)variance matrices 

(Table 2.7). 
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A total of 14 scenarios were considered to assess the impact of including FE through 

indirect (DMI) or direct (RFI) selection pressure in a selection index. Selection scenarios are 

denoted by the novel trait under selection pressure (DMI or RFI), the scenarios utilizing the 

correlation corrected by the standard error are indicated by SD, and the type of selection for the 

novel trait. For example, DMI_N_SD indicates the scenario where DMI is included with a negative 

selection pressure, utilizing the adjusted correlation. 

In addition to comparing the impact of selecting directly or indirectly on FE, the impact of 

increasing the positive selection pressure on RFI was explored. This was facilitated by doubling, 

tripling, quadrupling, and quintupling the economic value on RFI. This was done because the 

economic values were directly used to define the index weight in the selection index (see next 

section), which would likely lead to a weak index weight for RFI. Scenarios were named following 

the same structure, where P denotes the positive selection pressure, with the addition of a number 

to indicate the multiplication factor of the economic value. For example, the scenario in which the 

RFI economic value was tripled was denoted by RFI_P3. Response to selection over time was 

calculated based on compound genetic gain and expressed in units of DMI per day. 

2.3.6. Economic Values 

Fat and protein yield are the main sources of revenue for producers in the Canadian dairy 

cattle industry (Canadian Dairy Commission, 2017). Consequently, the assumed breeding 

objective was to improve FY and PY, while simultaneously improving health and fertility. Based 

on the trait definitions, improving health and fertility translates to a reduction of the incidence of 

disease and a reduction in the number of days at first service, and the number of days from the first 

service to conception. The economic values for conformation traits were optimized within each 

scenario to have no response to selection, in other words, to be held constant. The optimal 

economic value to hold the type traits constant was calculated using an Excel program (van der 

Werf, 2015). All economic values presented are considered in Canadian dollars ($).Literature 

economic values in Canadian dollars were: $2.57 per day for AFS (Lang, 2016), $6.86 per day for 

FSTC (Cabrera, 2014), $233.00 per case of CK (Gohary et al., 2016), and $707.00 per case of DA 

(McArt et al., 2015). Economic values (𝑣) were calculated for production traits by:  
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𝑣 = 𝑅 – 𝐶 

𝐶 = C1 ∗ DMP1 

where: 𝑣 is the economic value, 𝑅 is the revenue, 𝐶 is the cost, C1 is the cost of 1 kg of DM, and 

DMP1 is the amount of DM needed to produce 1 kg of the trait (fat or protein). 

The cost of 1.00 kg of DM was assumed to be $0.29 and the amount of DM needed to 

produce 1.00 kg of fat and protein was 6.00 kg and 3.70 kg, respectively (Richardson et al., 2019). 

Revenue for each trait was calculated by averaging the monthly producer-paid price in Canada for 

the trait from August 2019 to July 2020, which was $10.76 and $8.23 per kg for fat and protein, 

respectively (Dairy Farmers of Ontario, 2020). With that, the economic values for FY and PY were 

$9.02 and $7.16, respectively. Conversely, health and fertility traits were assigned negative 

economic values, as the breeding goal was to reduce the incidence of disease, age at first service, 

and the number of days between first service and conception traits.  

Each selection strategy for incorporating DMI or RFI had an economic value to achieve 

the selection goal of the specific index. The economic values for both DMI and RFI were the cost 

of DM associated with a 1 kg/day change in efficiency over a 305-d lactation. When holding either 

DMI or RFI constant in the C scenarios, an Excel program (van der Werf, 2015) was used to 

determine the optimal economic value. Given the above assumptions, when the breeding goal was 

to place positive selection pressure on the trait, a positive economic value (88.45) was placed on 

DMI and a negative economic value (-88.45) was placed on RFI. The inverse was true when 

placing negative selection pressure on the trait. When increasing positive selection pressure on 

RFI, the economic value was doubled (-176.90, RFI_P2), tripled (-265.35, RFI_P3), quadrupled 

(-353.80, RFI_P4), and quintupled (-442.25, RFI_P5). 

2.3  Results 

2.4.1. Genetic Parameters 

This work provided preliminary estimates for the relationship of DMI and RFI with 

currently evaluated traits (Table 2.3). The data available for animals who had records for DMI and 

RFI along with all other recorded traits were limited; therefore, some parameter estimates had 
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large standard errors (from 0.09 to 0.23 and 0.14 to 0.29 for genetic correlations and 0.02 to 0.17 

and 0.02 to 0.21 for phenotypic correlations, for DMI and RFI, respectively).  

Favorable genetic correlations were found between both production traits with DMI (0.43 

for FY and 0.50 for PY). Production traits had genetic correlations with RFI less than 0.10. The 

genetic correlations (standard deviation) between DMI and health or fertility ranged from weak -

0.13 (0.16) for CK to strong -0.61 (0.17) for AFS. Similar patterns were observed for the genetic 

correlations between RFI and health or fertility, ranging from -0.04 (0.29) for FSTC to -0.41 (0.24) 

for AFS. Strong genetic and phenotypic correlations of 0.68 (0.07) and 0.82 (0.02), respectively, 

were observed between DMI and RFI.  

2.4.2. Direct vs Indirect Selection on Feed Efficiency 

2.4.2.1. Index Response 

The economic index response is presented in Table 2.4. The most favorable scenario from 

an economic perspective is selecting directly on FE with positive selection pressure on RFI 

(RFI_P). The index RFI_P was $5.14 more profitable compared to the BASE. In all cases, 

scenarios containing selection pressure on DMI were not as profitable as the BASE, with a 

difference of up to $45.33. The other two scenarios involving selection pressure on RFI (RFI_C 

and RFI_N) were also less profitable than the BASE, with a difference of $9.88. The most 

economically favorable scenario in this study was RFI_P. 

2.4.2.2. Trait Response 

To assess the individual trait response when selecting on FE, trait response for all traits 

were standardized using the genetic standard deviation for the respective trait (Table 2.4). The 

most favorable response to selection for RFI (-0.15 standard deviation units (SDU)) was observed 

in DMI_C; however, DMI_C also had the least favorable response to selection for FY, PY, BCS, 

AFS, FSTC, CK, and DA. Compared to BASE, there was an unfavorable response to selection in 

DMI_C with a difference of 0.07 SDU for FY and FSTC, 0.08 SDU for DA 0.11 SDU for PY and 

BCS, and 0.20 SDU for AFS. While DMI_N and RFI_P had similar responses to selection for all 

traits, including FE (-0.02 SDU), economically RFI_P was more profitable. Response to selection 

for FY and PY was similar between scenarios, except for DMI_C. This trend was also observed 
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for AFS, FSTC, CK, DA, and DMI. The trait most affected by including FE directly into the 

selection index (RFI_P), was BCS where there was an unfavorable change of 0.08 SDU from the 

BASE. 

2.4.3. Response to Feed Efficiency over Time 

Considering FE over time based on this simulation, if FE is not selected for within a 

breeding program (BASE scenario), there is the potential for animals to become less efficient with 

cows eating an additional 0.43kg of DM/day, or 131 kg of DM/305-d lactation after 10 generations. 

Placing selection pressure (RFI_P) on FE has the potential to improve FE with cows eating 0.16 

kg of DM/day or 49 kg of DM/305-d lactation less after 10 generations, compared to the BASE 

scenario. If a greater selection pressure were placed on RFI to improve FE (e.g., 5 times more than 

in scenario RFI_P), the potential improvement could reach 2.77 kg of DM/day or 845 kg of 

DM/305-d lactation compared to not selecting on FE after 10 generations (Figure 2.2). When 

selection pressure is increased on RFI, there was an unfavorable change in the response to selection 

on the other traits within the selection index (Figure 2.3). Most notably, unfavorable changes in 

BCS and AFS of 0.16 SDU for each trait were observed between RFI_P and RFI_P5. 

2.5 Discussion 

2.5.1. Genetic Parameters 

The heritability estimates (Table 2.1) for DMI (0.23 ± 0.04) were in line with previously 

reported estimates (de Haas et al., 2015; Li et al., 2016a; Byskov et al., 2017). Additionally, the 

heritability for RFI (0.13 ± 0.03) was in agreement with previous studies that used similar RFI 

calculation equations (Tempelman et al., 2015b; Hardie et al., 2017; Negussie et al., 2019). These 

estimates indicate that these two traits are moderately heritable and, therefore, are reliable 

candidates for a selection program. The favorable genetic correlations of the production traits with 

DMI and RFI were in agreement with previously reported estimates (Manzanilla Pech et al., 2014; 

Bilal et al., 2016). Low phenotypic correlations between production traits and RFI are expected, 

as RFI is the residual term from a model containing production traits. The non-significant, low to 

moderate, and unfavorable correlations between RFI and the health and fertility traits suggest that 

health and fertility traits could have an undesired response to selection for FE if they are not 
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considered in the selection index. The strong genetic and phenotypic correlations between DMI 

and RFI were slightly higher than reported by Lin et al. (2013) and Manafiazar et al. (2016); 

however, still in the same positive direction. Overall, given the high standard error, genetic and 

phenotypic correlations with DMI and RFI require further investigation using a larger population. 

2.5.2 Response to Selection of Feed Efficiency  

Including FE in a selection index through direct or indirect selection has previously been 

investigated by Kennedy et al. (1993) and Lu et al. (2015). The results of this study agreed with 

their conclusions, where it was possible to achieve a similar response to selection on FE using 

direct and indirect selection. Direct selection on FE occurs when the selection pressure is placed 

directly on the trait, RFI for this study, and indirect selection for FE occurs when the components 

of FE are included in the selection index. The components of FE are traditionally considered to be 

feed intake, milk production, and body maintenance (Seymour et al., 2019; Brito et al., 2020). In 

this study, the traits that were considered as the components of FE are DMI, FY, and PY 

(production) and BCS and STAT (body maintenance). Other traits that could replace those used in 

this study are energy-corrected milk and metabolic body weight, which would represent the 

production and body maintenance components, respectively (Byskov et al., 2017; Seymour et al., 

2019; Brito et al., 2020). It is important to note that FE in this study is a residual trait (RFI), 

meaning it is the residual of a linear regression of DMI on the energy sink traits. Seymour et al. 

(Seymour et al., 2020) suggested that challenges are surrounding a residual trait for FE, as the 

model factors considered impact the estimation of RFI. In this study, the R2 of the model to 

calculate RFI was 0.27, which highlights the point that including additional information in the 

regression model could impact the residual term. With this information in mind, this study showed 

that it was more economically advantageous to directly select on FE as opposed to indirect 

selection using DMI.  

While the maximum response to selection for FE was observed when DMI was held 

constant (DMI_C), it came at a great cost for the response to selection for all other traits. This was 

highlighted by the economic response of DMI_C, which had the lowest economic response of all 

the scenarios. This observation was in line with previous studies that suggested a limitation of 

DMI can lead to a limitation on milk synthesis and other biological processes (Rodney et al., 2018; 



 

 

24 

 

Seymour et al., 2020). The unfavorable response for all other core traits in the index, and 

corresponding poor economic index response, lead to the conclusion that selecting directly on RFI 

is the best option for FE improvement. To further solidify that selecting directly on RFI was the 

best method for improving FE, RFI_P was the most profitable scenario in this study. It is important 

to note that the economic responses to the indices presented here are not representative of the true 

economic response in the industry but rather provide a method to compare the impact and assess 

the best methodology for selection to improve FE. The trait that was most unfavorably impacted 

by including FE directly into the selection index was BCS, which was expected as RFI and BCS 

had a moderately positive genetic correlation in this study. Because BCS can be considered an 

energy sink and included in the calculation of RFI, it has been proposed to include BCS in the 

regression model on DMI (Seymour et al., 2020). By including BCS in the regression model, RFI 

and BCS become phenotypically independent of each other which has the potential to help mitigate 

the unfavorable correlated response. Another way to mitigate any negative impacts could be to 

consider the lactation in multiple stages, where FE is only selected for after-peak lactation, 

avoiding the stage of lactation where animals are in a negative energy balance (NEB) (Chud et al., 

2019). Negative energy balance is a period where cows use more energy than they can consume, 

which requires the mobilization of body stores to meet energy demands (Garnsworthy, 2006). 

When body stores are mobilized, appetite decreases further while milk production is climbing 

(Goff, 2008). This leads to animals appearing to be very efficient in early lactation, when in fact, 

this is a fabrication of being in NEB. Applying selection pressure to animals based on apparent 

efficiency in early lactation would further exacerbate the issues that come with being in NEB. 

Also, cows with a high BCS pre-calving mobilize more body reserves post-calving, further 

reducing feed intake while producing even more milk in early lactation (Kupczyński et al., 2020). 

Due to the influence of BCS and impact of NEB in early lactation, focusing selection after peak 

lactation, even though a genetic correlation would likely exist between stages of lactation, would 

provide a more accurate picture of FE and has fewer potentially negative impacts on other traits.  

Long-term selection on FE will result in animals that are better able to convert feed to milk. 

Australia successfully implemented a FE trait known as Feed Saved into their selection index 

(Pryce et al., 2015). Feed Saved is a combination of a genomic RFI component and an EBV from 

body weight predicted from type traits (Pryce et al., 2015). They have seen success with their 
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breeding program, where animals one standard deviation above the mean consume 65 kg less feed 

per year while maintaining the same level of milk production (Pryce et al., 2018). More recently, 

the United States of America has also included Feed Saved into their selection program, where 

Feed Saved is expressed as the expected pounds of feed saved per lactation based on body weight 

composite and RFI (CDCB, 2020). The exact weighting that should be placed on FE for optimal 

progress was not analyzed in this study. Instead, we increased the weighting on FE to observe the 

impact on other traits. As the weight on RFI increases, the response to selection for RFI increases; 

however, the response to selection for all other traits considered becomes more unfavorable. In the 

long-term, placing direct selection pressure on FE is the best way to ensure genetic progress. 

2.6 Conclusions 

This study simulated the impacts of direct and indirect selection on FE. The best scenario 

to improve FE in this study was to place direct selection pressure on RFI. To ensure the validity 

of this study, it should be replicated with a larger dataset for variance components estimation of 

the novel traits. The scenario in which selection pressure was placed directly on FE was the best 

economically, and there was a minimal unfavorable impact on most of the other traits within the 

index. Based on this study, over time the cumulative response to selection for RFI should lead to 

improvement of FE with the potential for animals to be 0.52 kg DM/day or 158 kg DM/305-day 

lactation more efficient than not selecting for FE after 10 generations.  
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2.9 Tables 

Table 2.1: Trait definitions, genetic and phenotypic standard deviations, heritability estimates 

and genomic accuracy. 

Trait Definition 
Genetic 

standard deviation 

Phenotypic standard 

deviation 
Heritability GEBV accuracy 

FY 
Fat yield (kg) during a 305-d 

lactation 
30.671 70.131 0.29a1 0.80 

PY 
Protein yield (kg) during a 305-

d lactation 
21.331 55.451 0.22a1 0.79 

BCS 

The measure of the fat 
covering over the tail head and 

rump on a scale of 1 (very thin) 

to 5 (very fat) in first lactation 

0.151 0.351 0.23a1 0.77 

STAT 

Measure (cm) from the top of 

the spine in between hips to 

ground in first lactation 

2.191 4.421 0.47a1 0.77 

AFS 
Number of days from birth to 

first insemination  
10.911 56.081 0.04a1 0.69 

FSTC 

Number of days from first 

service to conception in first 
lactation 

7.451 44.681 0.03a1 0.74 

CK 

Binary scored trait (0:no 

case/unknown, 1:at least one 
case) in first lactation 

0.031 0.211 0.02a1 0.61 

DA 

Binary scored trait (0:no 

case/unknown, 1:at least one 

case) in first lactation 

0.031 0.151 0.04a1 0.59 

DMI 
Average dry matter intake per 

day for a 305-d lactation 
1.54 3.25 0.23b 0.592 

RFI 
Average residual feed intake 
per day for a 305-d lactation 

0.89 2.50 0.13b 0.403 
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Table 2.2: The allele flow matrix1 showing selection groups, where bulls refer to all breeding 

males and cows refer to all breeding females. 

 Bulls Cows 

  1 2 3 4 5 1 2 3 4 5 

Bulls 

1 0 0.167 0.167 0.167 0 0 0.125 0.125 0.125 0.125 

2 1 0 0 0 0 0 0 0 0 0 
3 0 1 0 0 0 0 0 0 0 0 

4 0 0 1 0 0 0 0 0 0 0 

5 0 0 0 1 0 0 0 0 0 0 

Cows 

1 0 0.117 0.117 0.192 0.075 0 0.125 0.125 0.125 0.125 

2 0 0 0 0 0 1 0 0 0 0 

3 0 0 0 0 0 0 1 0 0 0 

4 0 0 0 0 0 0 0 1 0 0 

5 0 0 0 0 0 0 0 0 1 0 
1 The allele flow matrix, where pij represents the proportion of alleles in class i at time t that 

come from class j at time t-1. This matrix describes the source of all alleles in each age class 

(Wilton et al., 2013) 
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Table 2.3: Additive genetic and phenotypic correlation estimates (± standard errors). 

  FY PY BCS STAT AFS FSTC CK DA 

DMI 
𝜌𝑔 0.43± 0.09 0.50± 0.09 0.14± 0.14 0.05± 0.13 -0.61± 0.17 -0.13± 0.23 -0.07± 0.21 -0.13± 0.16 

𝜌𝑝 0.29± 0.02 0.29± 0.02 0.01± 0.02 0.25± 0.04 -0.05± 0.04 0.04± 0.04 0.23± 0.14 0.15± 0.17 

RFI 
𝜌𝑔 -0.07± 0.14 0.08± 0.14 0.35± 0.17 -0.16± 0.15 -0.41± 0.24 -0.04± 0.29 -0.09± 0.26 -0.19± 0.21 

𝜌𝑝 0.03± 0.03 0.03± 0.02 0.03± 0.02 0.08± 0.04 -0.05± 0.04 0.05± 0.04 -0.32± 0.16 -0.31± 0.21 

FY = fat yield (kg), PY = protein yield (kg), BCS = body condition score (score), STAT = stature 

(cm), AFS = age at first service (days), FSTC = first service to conception (days), CK = clinical 

ketosis (case), DA = displaced abomasum (case), DMI = dry matter intake (kg), RFI = residual 

feed intake (kg), 𝜌𝑔=genetic correlation, 𝜌𝑝= phenotypic correlation 

 



 

 

37 

 

1 

Table 2.4: Genetic gain per year (in genetic standard deviations) and the total index response to 

selection ($). 

Scenario  
FY  

(kg)  

PY  

(kg)  

BCS  

(score)  

STAT  

(cm)  

AFS  

(days)  

FSTC  

(days)  

CK  

(case)  

DA  

(case)  

DMI  

(kg)  

RFI  

(kg)  

Total Index Response  

($)  

BASE  0.53 0.44 -0.09 0.00 -0.11 0.18 -0.16 0.05 0.26 0.04 $206.44  
BASE_SD  0.53 0.44 -0.08 0.00 -0.10 0.18 -0.16 0.06 0.21 0.02 $204.45  

                 

DMI_C  0.46 0.33 -0.20 0.00 0.09 0.25 -0.13 0.13 0.00 -0.15 $161.11  

DMI_P  0.53 0.43 -0.05 0.00 -0.11 0.17 -0.18 0.05 0.27 0.06 $167.16  
DMI_N  0.54 0.42 -0.11 0.00 -0.04 0.21 -0.18 0.08 0.19 -0.02 $174.05  

              

DMI_C_SD  0.44 0.28 0.05 0.00 0.02 0.11 -0.29 0.04 0.00 -0.09 $167.12  
DMI_P_SD  0.51 0.44 -0.08 0.00 -0.14 0.18 -0.13 0.05 0.25 0.06 $167.05  

DMI_N_SD  0.53 0.41 -0.11 0.00 -0.05 0.19 -0.18 0.07 0.13 -0.03 $183.04  

              

RFI_C  0.53 0.41 -0.05 0.01 -0.07 0.17 -0.21 0.06 0.22 0.00 $196.57  
RFI_P  0.54 0.44 -0.16 0.02 -0.07 0.20 -0.13 0.08 0.21 -0.02 $211.58  

RFI_N  0.51 0.43 -0.02 0.00 -0.14 0.16 -0.18 0.03 0.30 0.10 $194.81  

              
RFI_C_SD  0.51 0.41 0.00 0.00 -0.10 0.15 -0.21 0.04 0.18 0.00 $200.15  

RFI_P_SD  0.53 0.44 -0.15 0.00 -0.08 0.19 -0.13 0.07 0.17 -0.02 $211.19  

RFI_N_SD  0.52 0.43 -0.05 0.01 -0.12 0.19 -0.17 0.05 0.23 0.06 $196.89  

FY = fat yield (kg), PY = protein yield (kg), BCS = body condition score (score), STAT = stature 

(cm), AFS = age at first service (days), FSTC = first service to conception (days), CK = clinical 

ketosis (case), DA = displaced abomasum (case), DMI = dry matter intake (kg), RFI = residual 

feed intake (kg), C = trait held constant, P = positive (favorable) selection pressure, N = negative 

(unfavorable) selection pressure. 
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2.10 Figures 

 

Figure 2.1: Diagram of the population breeding structure used in all scenarios. 
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Figure 2.2: Cumulative response to selection for dry matter intake per day based on different 

weights of selection pressure on RFI over 10 years. 
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Figure 2.3: Response to selection for scenarios with different weights on RFI by trait 

standardized by the genetic standard deviation. 
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2.11 Appendix I 

Table 2.5: Genetic (above) and phenotypic (below) correlations used for DMI and RFI 

scenarios. 

1Oliveira Junior et al., 2021; FY = fat yield (kg), PY = protein yield (kg), BCS = body condition 

score (score), STAT = stature (cm), AFS = age at first service (days), FSTC = first service to 

conception, CK = clinical ketosis (case), DA = displaced abomasum (case), DMI = dry matter 

intake (kg/day), RFI = residual feed intake 

 

 FY PY BCS STAT AFS FSTC CK DA DMI RFI 

FY  0.641 -0.231 0.051 -0.151 0.301 0.301 0.131 0.43 -0.07 

PY 0.791  -0.211 0.031 -0.201 0.371 0.151 0.131 0.50 0.08 

BCS -0.081 -0.071  0.071 -0.021 -0.031 -0.051 -0.051 0.14 0.35 

STAT 0.071 0.111 -0.041  -0.101 0.021 0.001 0.031 0.05 -0.16 

AFS 0.001 -0.011 -0.121 -0.451  0.081 0.011 0.001 -0.61 -0.41 

FSTC 0.151 0.181 -0.251 0.121 -0.021  0.021 0.051 -0.13 -0.04 

CK 0.011 -0.011 -0.561 0.051 -0.081 0.351  0.211 -0.07 -0.09 
DA -0.031 -0.041 -0.301 0.241 -0.021 0.221 0.611  -0.13 -0.19 

DMI 0.29 0.29 0.01 0.25 -0.05 0.04 0.23 0.15   

RFI 0.03 0.03 0.03 0.08 -0.05 0.05 -0.32 -0.31   
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Table 2.6: Genetic (above) and phenotypic (below) correlations used for DMI_SD and RFI_SD 

scenarios. 

1Oliveira Junior et al., 2021; FY = fat yield (kg), PY = protein yield (kg), BCS = body condition 

score (score), STAT = stature (cm), AFS = age at first service (days), FSTC = first service to 

conception, CK = clinical ketosis (case), DA = displaced abomasum (case), DMI = dry matter 

intake (kg/day), RFI = residual feed intake (kg/day). 

 FY PY BCS STAT AFS FSTC CK DA DMI RFI 

FY  0.641 -0.231 0.051 -0.151 0.301 0.301 0.131 0.34 0.07 

PY 0.791  -0.211 0.031 -0.201 0.371 0.151 0.131 0.41 -0.07 

BCS -0.081 -0.071  0.071 -0.021 -0.031 -0.051 -0.051 0.00 0.18 

STAT 0.071 0.111 -0.041  -0.101 0.021 0.001 0.031 -0.08 -0.01 

AFS 0.001 -0.011 -0.121 -0.451  0.081 0.011 0.001 -0.44 -0.17 

FSTC 0.151 0.181 -0.251 0.121 -0.021  0.021 0.051 0.10 0.26 

CK 0.011 -0.011 -0.561 0.051 -0.081 0.351  0.211 0.14 0.17 

DA -0.031 -0.041 -0.301 0.241 -0.021 0.221 0.611  0.04 0.02 

DMI 0.26 0.26 -0.02 0.22 -0.01 0.00 0.09 -0.02   

RFI 0.01 0.01 0.01 0.04 -0.01 0.01 -0.16 -0.10   
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Table 2.7: Optimized index weights by trait for BASE, DMI and RFI scenarios. 

FY = fat yield (kg), PY = protein yield (kg), BCS = body condition score (score), STAT = stature 

(cm), AFS = age at first service (days), FSTC = first service to conception, CK = clinical ketosis 

(case), DA = displaced abomasum (case), DMI = dry matter intake (kg/day), RFI = residual feed 

intake (kg/day), C = trait held constant, P = positive (favorable) selection pressure, N = negative 

(unfavorable) selection pressure 

 

  

 FY PY BCS STAT AFS FSTC CK DA DMI RFI 

BASE 1.62 0.93 -174.16 -5.49 -0.08 -0.26 -2322.96 -4986.05 - - 

BASE_SD 1.62 0.93 -174.16 -5.49 -0.08 -0.26 -2322.96 -4986.05 - - 

           

DMI_C 1.60 0.90 -467.57 -1.28 -0.05 -0.26 -2565.29 -5361.86 78.93 - 

DMI_P 1.67 0.97 972.00 -14.27 -0.10 -0.30 -1440.32 -3210.25 90.97 - 

DMI_N 1.64 0.94 474.70 -9.20 -0.07 -0.29 -1848.97 -3932.65 70.64 - 

           

DMI_SD_C 1.74 1.01 3296.95 -27.01 -0.07 -0.39 197.50 505.86 -51.36 - 

DMI_SD_P 1.63 0.94 -112.66 -5.72 -0.10 -0.26 -2278.73 -4902.71 24.79 - 

DMI_SD_N 1.61 0.92 -360.10 -4.16 -0.07 -0.26 -2466.01 -5258.72 -14.50 - 
           

RFI_C 1.71 1.00 1987.47 -20.08 -0.08 -0.35 -457.51 -808.34 - -28.06 

RFI_P 1.61 0.92 -360.10 -4.16 -0.07 -0.26 -2466.01 -5258.72 - -14.50 

RFI_N 1.69 0.99 1622.19 -14.79 -0.10 -0.30 -1050.41 -2761.74 - -140.94 

           

RFI_SD_C 1.73 1.02 2662.75 -23.70 -0.09 -0.37 -183.43 -315.81 - -10.57 

RFI_SD_P 1.59 0.91 -1248.20 1.95 -0.07 -0.23 -3017.04 -6455.01 - -204.54 

RFI_SD_N 1.65 0.96 713.69 -10.04 -0.09 -0.28 -1755.89 -3837.34 - -96.30 
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3.1 Abstract 

Feed efficiency has been studied thoroughly in recent years. As feed costs rise and the 

environmental impacts of agriculture become more apparent, improving the efficiency with which 

dairy cows convert feed to milk is increasingly important. However, feed intake is expensive to 

measure accurately on large populations, making the inclusion of this trait into breeding programs 

difficult. Through technological advancements, accurate measurements of traits related to feed 

efficiency, such as dry matter intake, body weight, body condition score, and milk components 

have become more readily available. Understanding how the genetic parameters of feed efficiency 

and traits related to feed efficiency vary throughout the lactation period is valuable to gain 

understanding into the genetic nature of feed efficiency. This study used 31,967 feed intake 

records, 38,294 milk production records, 26,394 body weight records, and 23,083 residual feed 

intake records collected on 4,024, North American first lactation Holstein cows, respectively, from 

January 2007 to November 2020. Genetic parameters, including heritability and phenotypic and 

additive genetic correlations between weeks of lactations, were calculated over the week of 

lactation using a random regression model. Heritability (SE) estimates varied from 0.17 (0.04) to 

0.41 (0.10) for dry matter intake, 0.28 (0.03) to 0.44 (0.06) for energy corrected milk, 0.48 (0.14) 

to 0.79 (0.12) for metabolic body weight, and 0.10 (0.05) to 0.20 (0.05) for residual feed intake. 

In general, heritability estimates were lower in the first stage of lactation compared with the later 

stages of lactation. Additive genetic correlations between weeks of lactation varied, with stronger 

correlations between weeks of lactation that were close together. The results of this study 

contribute to a better understanding of the change in genetic parameters across the first lactation, 

providing insight into potential selection strategies to include feed efficiency in breeding programs.  

3.2 Introduction 

As the global population expands and consumer awareness of animal production practices 

grows, the importance of sustainable dairy production is increasingly emphasized. Improving feed 

efficiency is one way to increase sustainability and reduce the environmental impact of dairy 

farms. Feed efficiency is defined as the ability of a cow to convert feed to milk; therefore, an 
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efficient cow is one that consumes less feed while maintaining milk production. Feed is a major 

expense for the dairy industry, and it accounts for over half of the total cost of farm operations 

(Connor, 2015; Van Biert, 2019). Previous studies have shown that selecting for improved feed 

efficiency (FE) directly impacts farm costs and operational efficiency (Beever et al., 2007; Hemme 

et al., 2014; Tempelman et al., 2015a). 

In the context of genetic selection for FE, many accurate records for dry matter intake 

(DMI) are required (Seymour et al., 2019; Brito et al., 2020). However, acquiring records for DMI 

is expensive and time-consuming, making it challenging to include this trait in selection programs 

(Negussie et al., 2019). Moreover, the inclusion of DMI alone is not sufficient for improving feed 

efficiency, as it does not account for energy sinks. Several measures of FE have been discussed as 

potential traits to include in breeding programs, such as residual feed intake (RFI) (Koch et al., 

1963). Residual feed intake is usually defined as the residual of a fixed linear regression of DMI 

on energy sinks, such as energy corrected milk (ECM) and metabolic body weight (MBW) 

(Veerkamp et al., 1998; Li et al., 2018). Improving knowledge about the genetic relationship 

between FE indicator traits is critical when defining the optimal traits to be included in the selection 

program (Liinamo et al., 2012; Berry et al., 2014). 

A majority of studies have used only a few time points to analyze FE indicator traits (e.g., 

Connor et al., 2013; Tempelman et al., 2015; Li et al., 2016), considering dynamic changes in 

physiology over entire lactation might have a substantial influence on accurate estimation of 

genetic parameters for these traits. For instance, the lactation peak normally occurs between six to 

eight weeks after calving, and during this phase the cows are usually in negative energy balance 

(Connor et al., 2013). On the other hand, after the lactation peak there is an excess of energy 

consumed compared to energy output in the milk. Moreover, it has been suggested that feed intake 

is dynamic throughout the lactation (Seymour et al., 2020), further emphasizing the need to analyze 

FE and its underlying traits across the entire lactation.  

Random regression models are a powerful tool to take into account the genetic variation of 

a trait over time, which allow estimation of variance components and breeding values for all time-

points evaluated (Schaeffer, 2004; Oliveira et al., 2019a). In addition, random regression model 

(RRM) can account for changing environmental effects over a complete lactation cycle, which 
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can improve the accuracy of breeding values (Jamrozik and Schaeffer, 1997). In summary, additive 

genetic and permanent environmental effects are predicted as deviations from a fixed curve, 

allowing animals to have differently shaped curves over the lactation for feed intake, body weight, 

milk yield, etc. (Jamrozik and Schaeffer, 1997). Therefore, the main objectives of this study were 

to: 1) estimate variance components and genetic parameters over DIM of first lactation cows for 

DMI, ECM, MBW, and RFI, using RRM; and 2) assess the potential impact of selecting for RFI 

at various time points within the lactation. 

3.3 Materials and Methods 

3.3.1. Ethics and Animal Care 

No Animal Care Committee approval was necessary for the purposes of this study, all 

information required was obtained from pre-existing databases.  

3.3.2. Data and Quality Control 

The dataset used in this study was provided through the Resilient Dairy Genome Project 

(http://www.resilientdairy.ca/). The data contained 31,967 (DMI), 38,294 (ECM), 26,394 (MBW), 

and 23,083 (RFI) phenotypic records from 4,024 first lactation North American Holstein cows  in 

10 research herds [1) University of Alberta, Edmonton, AB, Canada (424 cows); 2) University of 

Florida, Gainesville, FL, USA (200 cows); 3) University of Guelph, Guelph, ON, Canada (555 

cows); 4) Iowa State University, Ames, IA, USA (719 cows); 5) Michigan State University, East 

Lansing, MI, USA (138 cows); 6) Miner Institute, Chazy, NY, USA (21 cows); 7) Purina Animal 

Nutrition Centre, Grey Summit, MO, USA (65 cows); 8) USDA-ARS, Beltsville, MD, USA (686 

cows); 9) Virginia Tech, Blacksburg, VA, USA (45 cows); and 10) University of Wisconsin-

Madison, Madison, WI, USA (712 cows)], and one commercial farm (Ponoka, AB, Canada; 490 

cows). The period of the lactation where data was collected varied between herds. The majority of 

the data provided by the Council on Dairy Cattle Breeding (Bowie, MD, USA, 2,555 cows) was 

collected between 50 and 200 days in milk (DIM), with data ranging from 1 to 200 DIM. Data 

provided by Lactanet (Guelph, ON, Canada, 1,469 cows) covered the entire lactation (1 to 305 

DIM), with the majority of the data collected between 1 and 240 DIM. All cows with phenotypic 

records included in this study had their first calving between January 2007 and November 2020. 

about:blank
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Moreover, cows with first calving greater than 40 months of age were excluded from the analysis. 

The pedigree file included information up to 10 generations for phenotyped cows, resulting in a 

file with 9,230 animals, of which 922 and 3,334 were unique sires and dams, respectively.  

 The RFI was calculated as the residual of the fixed linear regression of DMI on ECM and 

MBW (body weight0.75). The ECM was calculated following the methodology outlined in Sjaunja 

et al. (1990):  

ECM(kg) = (0.25 ∗ milk kg) + (12.2 ∗ fat kg) + (7.7 ∗ protein kg) 

Phenotypic data recorded from five to 305 DIM were used to create biweekly segments of 

lactation (Bi-WL), which were calculated dividing DIM by 14 (total of 21 Bi-WL). Animals 

outside of 3.5 standard deviations for DMI, ECM and MBW in a given Bi-WL were removed from 

the dataset. Original data was collected in the format of daily (DMI and MBW), weekly (MBW 

and ECM), and monthly (MBW) records. Therefore, animals were required to have a minimum of 

two records for DMI, ECM and MBW in a given Bi-WL. The mean measurement for each Bi-WL 

was used in the analysis. Descriptive statistics of the data are shown in Table 3.1. Figure 3.1 shows 

the number of records per Bi-WL.  

3.3.3. Variance Component Estimation 

Additive genetic, permanent environmental (PE), and residual variances were estimated 

for DMI, ECM, MBW, and RFI using single-trait random regression animal models. 

Heterogeneous residual variances across four classes of Bi-WL were fit for all traits (classes were: 

1) 1 to 5, 2) 6 to 10, 3) 11 to 15, and 4) 16 to 21 Bi-WL). In order to estimate the covariance 

between traits, two-trait random regression animal models were used. Homogenous residual 

variances were assumed for the two-trait analysis to enable convergence of solutions. No 

significant differences were observed in the genetic parameters for DMI, ECM, MBW and RFI 

between the univariate and bivariate models. Both single- and two-trait models were analyzed 

using the Average Information Restricted Maximum Likelihood (AIREML) algorithm 

implemented by WOMBAT (Meyer, 2007).  

A third order Legendre polynomial was used for all analyses. The general model used for 

all traits is described as follows: 
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𝑦𝑖𝑗𝑘𝑙𝑚 = 𝜇 + 𝐻𝑌𝑘 + 𝐴𝐶𝑙 + ∑ 𝑌𝑆𝑚𝑛∅𝑛(𝑡𝑖𝑗)

2

𝑛=0

+ ∑ 𝑎𝑖𝑛∅𝑛(𝑡𝑖𝑗)

2

𝑛=0

+ ∑ 𝑝𝑒𝑖𝑛∅𝑙𝑛(𝑡𝑖𝑗)

2

𝑛=0

+ 𝑒𝑖𝑗𝑘𝑙𝑚 

where 𝑦𝑖𝑗𝑘𝑙𝑚 is the observation of the ith cow in the jth Bi-WL; 𝜇 is the overall mean; 𝐻𝑌𝑘  is the 

fixed effect of kth herd-year of calving (69 levels for DMI, 81 levels for ECM, and 61 levels for 

MBW and RFI); 𝐴𝐶𝑙 is the fixed effect of lth class of age at calving (six classes: <23, 24, 25-26, 

27-28, 29-30, and >30 months); 𝑌𝑆𝑚𝑛is the nth coefficient of the fixed regression on Bi-WL nested 

in mth year-season of calving to represent the average curves; 𝑎𝑖𝑛is the nth random regression 

coefficient for the additive genetic effect of the ith cow; 𝑝𝑒𝑖𝑙𝑛 is the nth random regression 

coefficient for the PE effect of the ith cow with record; 𝑡𝑖𝑗 is the Bi-WL standardized from -1 to 1; 

∅𝑛(𝑡𝑖𝑗) is the Legendre polynomial coefficient (Kirkpatrick et al., 1990) for the parameter n 

evaluated for age 𝑡𝑖𝑗, and 𝑒𝑖𝑗𝑘𝑙𝑚  is the residual for each observation. It was also required that each 

𝐻𝑌 had a minimum of five animals. Disconnected HY were identified using the AMC software 

(Roso and Schenkel, 2006) and 5 HY were removed from the analysis. In matrix notation, the 

previous single trait RRM is described as: 

𝐲 = 𝐗𝐛 + 𝐙𝐚 + 𝐖𝐩𝐞 + 𝐞 

where 𝐲 is the vector of phenotypic records; 𝐗, 𝐙, and 𝐖 are the incidence matrices for the vectors 

of fixed (𝐛), additive genetic (𝐚), and PE (𝐩𝐞) effects; and 𝐞 is the vector of random residuals. The 

model assumptions are: 

 

𝐸[𝐲] =  𝐗𝐛 

𝑉𝑎𝑟 [
𝐚

𝐩𝐞
𝐞

] = [

𝐆𝟎⨂𝐀 0 0
0 𝐏𝟎⨂𝐈 0

0 0 σe
2(x)⨂𝐈

] 

where 𝐆𝟎 and 𝐏𝟎 are the additive genetic and PE variance-covariance matrices for the random 

regression coefficients, respectively; 𝜎𝑒
2 (𝑥) is the residual variance for the class x; 𝐀 is the 

numerator relationship matrix; 𝐈 is the identity matrix; and all other components have been 
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previously described. The 𝐆𝟎 and 𝐏𝟎 covariance matrices were used to calculate the additive 

genetic and PE (co)variances for all Bi-WL as (Kirkpatrick et al., 1990):  

𝐆 =  ϕt𝐆𝟎ϕ and P = ϕt𝐏𝟎ϕ 

where 𝛟 is a matrix of orthogonal coefficients associated with the Legendre polynomial function; 

and 𝐆 and P are the additive genetic and PE covariance matrices for the different Bi-WL, 

respectively. Heritability estimated for the different Bi-WL were calculated using the diagonal 

elements of 𝐆 and P, and 𝜎𝑒(𝑥)
2  associated with the corresponding Bi-WL analyzed. 

Approximate standard errors for the additive genetic, PE, and phenotypic correlations 

between Bi-WL were estimated using the methodology described in Robertson (1959): 

𝑆𝐸𝑖,𝑗 = (1 − (
𝑟𝑥𝑖,𝑗

∗  𝑟𝑥𝑖,𝑗

√2
)) ∗ (√

𝑠𝑒𝑦𝑖
∗  𝑠𝑒𝑦𝑗

𝑦𝑖 ∗  𝑦𝑗

) 

where 𝑟𝑥𝑖,𝑗
 is the additive genetic, PE, or phenotypic correlation between Bi-WL 𝑖 and 𝑗; 𝑠𝑒𝑦𝑖

and 

𝑠𝑒𝑦𝑗
 are the standard errors for the heritability (in the case of additive genetic correlation), PE ratio 

(
𝜎𝑝𝑒

2

𝜎𝑡𝑜𝑡𝑎𝑙
2 )(pe correlation), or the phenotypic variance (phenotypic correlation) for Bi-WL 𝑖 and 𝑗; and 

𝑦𝑖 and 𝑦𝑗 are the heritability (used for the additive genetic correlation), PE ratio (pe correlation), 

or phenotypic variance (phenotypic correlation) for Bi-WL 𝑖 and 𝑗. 

3.3.4. EBV and Theoretical Reliabilities 

Breeding values for the random regression coefficients were predicted using the BLUP 

methodology (VanRaden, 2008) implemented in BLUPF90 (Misztal et al., 2002). The EBV 

reliability (RELEBV) for each Bi-WL was calculated based on the prediction error variance (PEV) 

for each animal 𝑖 and for each trait, i.e.:  

𝑷𝑬𝑽𝑖 = 𝜙𝑡𝑪𝑖𝑖 𝜙 

where 𝜙 is the previously defined matrix of orthogonal coefficients associated with the Legendre 

polynomial function; and 𝑪𝑖𝑖 is the subset of the inverse of the mixed model equations 
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corresponding to the genetic effect for animal 𝑖. Thereafter, the RELEBV of animal 𝑖 for each Bi-

WL was computed as:  

𝑅𝐸𝐿𝐸𝐵𝑉𝑖
= 1 − (

𝑃𝐸𝑉𝑖

𝜎𝑎
2(1 + 𝐹𝑖)

) 

where 𝜎𝑎
2 is the additive genetic variance estimated for each Bi-WL, and 𝐹𝑖 is the inbreeding 

coefficient for animal 𝑖.  

3.3.5. Impact of Selection for RFI at Various Time Points 

The proportion of the top 10% bulls in common between different Bi-WL was investigated 

to assess the potential impact of selection for RFI at various time points. The top 10% bulls were 

chosen based on the EBV rank for RFI in each Bi-WL. Thereafter, the proportion of bulls in 

common between Bi-WL was calculated as: 

𝐶𝑗𝑗" =
𝑁𝐶𝑗𝑗"

𝑁𝑇
× 100 

where 𝐶𝑗𝑗" is the proportion of bulls in common between the Bi-WL j and j’, 𝑁𝐶𝑗𝑗"
 is the number 

of sires in common between the Bi-WL j and j’, and 𝑁𝑇 total number of sires (top 10% = 275). 

The proportion of bulls in common ranked in the top 10% was obtained while comparing Bi-WL 

segments.  

3.3.6 Changes in Average EBV Over Time 

Estimated breeding values were standardized to a mean of zero and a standard deviation of 

one, using all animals with EBV. Changes in average EBV over time were evaluated for all FE 

related traits analyzed in this study, using the top 10% bulls selected for RFI. These comparisons 

were performed to identify the potential impact of selecting for RFI on the underlying traits.  

3.4 Results and Discussion  

3.4.1 Heritabilities  

Heritabilities estimated for DMI, ECM, MBW, and RFI over time are shown in Figure 3.2. 

All variance component estimates (additive genetic variance, PE variance, residual error variance, 
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phenotypic variance), heritability and their corresponding standard errors are presented in Tables 

3.2 to 3.5. In general, moderately high heritability estimates were observed for DMI, ranging from 

0.17 (SE=0.04) at Bi-WL 14 (~196 DIM), to 0.41 (SE=0.10) at Bi-WL 21(~294 DIM). Heritability 

estimates for ECM remained fairly stable across the lactation, ranging from 0.28 (SE=0.03) to 0.44 

(SE=0.06). The highest heritabilities were observed for MBW, with estimates ranging from 0.48 

(SE=0.04) in the 11 and 12 Bi-WL (~154 to 168 DIM) to 0.79 (SE=0.12) at the end of lactation 

(Bi-WL 21 (~296 DIM)). Heritability estimates for RFI were moderate, starting at 0.20 (SE=0.05) 

at the first Bi-WL to 0.13 (SE=0.13; ~14 DIM) in Bi-WL 21 (~296 DIM), with a minimum 

heritability of 0.10 (0.05) in Bi-WL 14 and 15 (~196 to 210 DIM). A substantial increase in the 

heritability estimates was observed for DMI and MBW at the last four Bi-WL (~238 to 305 DIM), 

which can be related to the smaller number of records available in later stages of lactation and the 

known behavior of Legendre polynomials under this situation (Misztal, 2006; Oliveira et al., 

2019a). It is also worth noting that the PE was also dynamic over the course of the lactation, 

indicating that the changes in the PE effect also needs to be considered. 

Early lactation (Bi-WL 1 to 4; ~5 to 56 DIM) heritabilities estimated for DMI (0.22 (0.03) 

to 0.29 (0.04)) were similar to heritabilities reported by Byskov et al., (2017), Li et al., (2018), and 

Krattenmacher et al., (2019). The heritabilities estimated in the mid and late lactation (0.17 (0.04) 

to 0.41 (0.10)) were also similar to previous studies (Spurlock et al., 2012; Li et al., 2016b; 

Manzanilla-Pech et al., 2016; Byskov et al., 2017). Heritabilities reported by Li et al., (2018) were 

slightly higher (0.30 to 0.55) than the heritabilities estimated in this study, but the pattern of 

heritabilities over lactation were similar.  

Heritabilities estimated for ECM in this study (0.33 (0.04)) agreed with those reported in 

previous studies (Spurlock et al., 2012; Li et al., 2018). Byskov et al., (2017) compared genetic 

parameters estimated for a research herd and a commercial farm, and they found slightly higher 

heritabilities for mid and late lactation for the commercial herd (0.53 (0.08) to 0.70 (0.08)), and 

similar heritabilities for the research herd (0.23 (0.06) to 0.35 (0.08)) compared with this study 

(0.28 (0.03) to 0.44 (0.06)). The pattern of the heritability curve estimated for ECM in our study 

(slightly parabolic) has also been reported in previous studies (Li et al., 2018; Krattenmacher et 

al., 2019), which is associated with the quadratic polynomial used.  
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Heritability estimates observed in previous studies for MBW were reported between 0.17 

(0.05) and 0.53 (0.07) (Manzanilla-Pech et al., 2016; Hurley et al., 2017), which were similar to 

the lactation heritability estimates found in this study (0.56 (0.06)). Most notably, Manzanilla-

Pech et al., (2016) found heritability estimates of 0.53 (0.07) and 0.43 (0.06) for Holstein animals 

from the Netherlands and the United States, respectively. The heritability estimates found in 

Manzanilla-Pech et al., (2016) had the same pattern as the range of heritability estimates in our 

study, which ranged from 0.53 (0.05) in early lactation to 0.79 (0.12) in later lactation. In addition 

to MBW, Manzanilla-Pech et al. (2016), Li et al. (2018) and Spurlock et al. (2012) also 

investigated the heritability of body weight, which ranged from 0.49 (0.08) to 0.74 (0.12). 

Heritabilities estimated for body weight by Manzanilla-Pech et al. (2016) were similar to those 

estimated for MBW in our study. Similarities between heritability estimates for body weight and 

MBW are expected, as MBW is a function of body weight (MBW=body weight0.75).  

The heritability estimates observed in this study for RFI ranged from 0.10 (0.04) to 0.20 

(0.05). This is in line with previous studies (Van Arendonk et al., 1991; Tempelman et al., 2015; 

Li et al., 2017), which estimated heritabilities for RFI ranging from 0.10 to 0.25. In this context, it 

is important to highlight that previous studies used slightly different energy sinks compared to this 

study, which included change in body weight, body weight, fat-protein corrected milk, and milk 

energy. Li et al. (2018) found a tertiary shape in the heritability curve for RFI throughout a 305-d 

lactation using a fifth-order Legendre polynomial, whereas Tempelman et al. (2015) showed 

varying shapes in the heritability curve, depending on the data considered using a third-order 

Legendre polynomial. The heritability curve in this study was similar to the curve based on data 

from the Netherlands presented in Tempelman et al. (2015), which used the same order Legendre 

polynomial as this study.  

3.4.2 Correlations  

All traits within this study are controlled by biological processes, with some evidence that 

these traits have different regulatory control affecting them through lactation, leading to a change 

in the observed phenotype across lactation stages (Strucken et al., 2015; Krattenmacher et al., 

2019). Most notably, it has been suggested that feed intake is a genetically different trait at various 

stages of lactation (Liinamo et al., 2012; Li et al., 2018). To identify these biological patterns 
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across the lactation in North American Holstein cows, we investigated the changes in genetic and 

phenotypic correlations over time within a trait. Due to the large standard errors of the estimated 

correlations between-traits, only their trends and potential biological reasons will be discussed. 

3.4.2.1 Within Trait Additive Genetic Correlations 

The current study found variation within DMI when comparing early (Bi-WL 1 to 4; ~5 to 

56 DIM), mid (Bi-WL 5 to 11; ~70 to 154 DIM), and late lactation (Bi-WL 12 to 21; ~168 to 305 

DIM) (Figure 3.3A). Additive genetic correlations for DMI were stronger for Bi-WL close to each 

other. For instance, correlations ranged between -0.20 (0.13) for weeks far apart (e.g., Bi-WL 8 

(~112 DIM) and Bi-WL 21(~296 DIM)) to 0.99 (<0.01) for weeks close together (e.g., Bi-WL 6 

and Bi-WL 7; ~84 to 98 DIM). When comparing the genetic correlations between early lactation 

and mid and late lactation, correlations decreased as cows moved through the lactation. This 

decrease of genetic correlations from early to late lactation, especially close to zero or negative 

genetic correlations between early and late lactation for DMI, has been reported in previous studies 

(Karacaören et al., 2006; Manzanilla-Pech et al., 2014; Li et al., 2018). Similar to results presented 

by Krattenmacher et al. (2019), genetic correlations between early and mid-lactation were 

moderate, with an average correlation of 0.66 (0.06). The results of this study supported the 

concept that DMI is a genetically different trait at various stages of lactation (Berry et al., 2007; 

Liinamo et al., 2012; Li et al., 2018). Multiple measures of DMI should be taken throughout the 

lactation, either directly or through the use of proxies, to allow including this trait as a breeding 

goal and to ensure accurate predictions (Liinamo et al., 2012; Krattenmacher et al., 2019). The 

negative correlations between stages of lactation observed for DMI seem to be mitigated by 

accounting for energy sinks in RFI. Results of this study are in line with previous studies; however, 

it is important to use caution when interpreting the results at the extremes of the lactation period 

(very early and very late lactation), due to the limited amount of data at these time points. 

Nevertheless, it is still relevant to observe the relationship of feed efficiency (RFI) and its 

underlying traits throughout lactation when implementing FE into breeding programs.  

Similar to DMI, variation between stages of lactation were observed for RFI. Genetic 

correlations for RFI (Figure 3.3D) ranged from 0.26 (0.35) to 0.99 (0.01). The lowest correlations 

were observed between mid (Bi-WL 5 to 11; ~70 to 154 DIM) and late (Bi-WL 12 to 21; ~168 to 
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305 DIM) lactation. Liinamo et al. (2015) reported similar results, as they found that the lowest 

correlations were observed within mid-lactation, and strong correlations were observed in the later 

stages of lactation. Li et al. (2017) reported a more uniform pattern of correlations throughout the 

lactation, however, weaker correlations were observed between early and mid to late lactation. 

The genetic correlation estimates over lactation for ECM did not have the same variation 

between correlations as DMI, being relatively similar across the lactation (Figure 3.3B). 

Correlations ranged from 0.38 (0.07) between early (Bi-WL 1 to 4; ~5 to56 DIM) and late lactation 

(Bi-WL 12 to 21; ~168 to 305 DIM) to 0.99 (<0.01) between close Bi-WL. Moving between stages 

of lactation, the average genetic correlation between early and late lactation dropped to 0.54 (0.07), 

where the lowest genetic correlation observed was 0.38 (0.07), between the first and 14 Bi-WL 

(~5 to 196 DIM). Li et al. (2018) reported moderate correlation (0.50) between early and late 

lactation, and Krattenmacher et al. (2019) reported 0.59 as the lowest correlation between all weeks 

in early to mid-lactation. Manzanilla-Pech et al. (2014) reported correlations >0.80 between the 

majority of the weeks of lactation, with some negative correlations reported in early (before 50 

days in milk) and very late (after 300 days in milk) lactation. The negative correlations reported in 

Manzanilla-Pech et al. (2014) at the extreme ends of the lactation were not found in the current 

study. While there is more uniformity in the correlation across the lactation compared to DMI, 

ECM still shows variation within the lactation. It is important to consider how ECM changes and 

correlates with various stages of lactation, as depending when the trait is assessed within the 

lactation could have important implications in selection to improve milk production and feed 

efficiency. 

Similar to ECM, MBW had more consistent correlations throughout the lactation compared 

to DMI (Figure 3.3C). Genetic correlations between stages of lactation were between 0.38 (0.08) 

and 0.99 (<0.01). The minimum correlation observed (0.38 (0.08)) was estimated between the first 

and 14 Bi-WL (~5 to 196 DIM). Previous studies had considered body weight instead of MBW; 

however, similar estimates were found. For instance, Li et al. (2018) observed that the correlation 

between Bi-WL as the most consistent for body weight when compared to DMI and ECM. They 

reported the genetic correlation equal to or greater than 0.74 (0.08) for time points throughout the 

lactation. More in line with the results presented in our study, Liinamo et al. (2012) and Manzanilla 
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Pech et al. (2014) also found body weight to be a more uniform trait across lactation, where the 

minimum genetic correlations observed were 0.60 and 0.69, respectively. Since MBW has 

relatively moderate to strong genetic correlations across the lactation, the need for measurements 

at multiple various time points is not as critical as for DMI. However, it is important to consider 

that a change in body weight across the lactation can have implications regarding FE, animal 

health, and performance. 

3.4.2.2. Within Trait Phenotypic Correlations 

Phenotypic correlations estimated between Bi-WL varied across lactation for all traits 

(Figure 3.4). Phenotypic correlations ranged from -0.08 (0.03) to 0.84 (0.01) for DMI, 0.32 (0.02) 

to 0.82 (0.01) for ECM, 0.30 (0.02) to 0.76 (0.01) for MBW, and -0.16 (0.03) to 0.82 (0.01) for 

RFI. Following the trends observed for the additive genetic correlations, the phenotypic 

correlations were strongest between Bi-WL closest together and weakest between Bi-WL far apart. 

Phenotypically DMI appears to be related through low to moderate correlations throughout the 

lactation, which supports that DMI should be considered as different traits at various lactation 

stages. This phenomenon was also reported by Seymour et al. (2020), as they found that feed intake 

is dynamic and changes daily. This dynamic behavior of DMI can also be extrapolated to RFI, as 

the underlying phenotypic behavior of DMI influences phenotypic behavior of feed efficiency. As 

expected, the phenotypic correlations between Bi-WL for ECM and MBW had a trend of the early 

part of lactation having a weaker correlation with the end of lactation.  

3.4.2.3. Between Trait Additive Genetic Correlations 

Additive genetic correlations estimated between traits varied in different stages of lactation 

(Figure 3.5). The trend of weak correlations between feed intake (DMI) and production (ECM) in 

early lactation (Figure 3.5A), increasing to moderate or high correlations by mid to later lactation, 

has been shown in other studies (Liinamo et al., 2012; Manzanilla-Pech et al., 2014; Li et al., 2018; 

Krattenmacher et al., 2019). These same trends were observed between ECM and RFI (Figure 

3.5E) in this study. These weak correlations within the early part of lactation can be due to feed 

intake not meeting the demand for milk production. The transition to stronger positive correlations 

as the lactation progresses coincided with the points of lactation where the intake meets production 

demand (Liinamo et al., 2012). Additionally, the correlations observed in early lactation suggest 
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that selecting to increase ECM would have a small change on DMI and RFI. However, an increase 

in production without an increase in DMI, especially in early lactation, has the potential to extend 

negative energy balance (Buttchereit et al., 2011; Li et al., 2018). An extension of negative energy 

balance has many unfavorable effects, most notably related to health and fertility (Veerkamp et 

al., 2000; Banos and Coffey, 2010). Therefore, selecting to improve feed efficiency while 

increasing milk production should be avoided in early lactation.  

The genetic correlation between MBW and ECM (Figure 3.5B) further highlights the 

change in the allocation of energy throughout lactation. In this study, the genetic correlations 

between MBW and ECM ranged from -0.08 (0.11) to 0.40 (0.13), with low positive correlations 

in early lactation moving to low negative correlations in late lactation. Li et al. (2018) also reported 

low positive correlations in early lactation, suggesting that larger cows have a greater capacity for 

milk production in early lactation. The rapid change in correlations to weak negative correlations 

observed in this study might suggest that the animal focuses on putting on weight during the later 

stages of lactation, as milk production declines.  

The genetic relationship between DMI and MBW (Figure 3.5C) varies throughout 

lactation. The correlations ranged from -0.27 (0.19) in late lactation to 0.76 (0.07) in early to mid-

lactation. An almost identical pattern was observed with correlations between RFI and MBW, 

which ranged from -0.45 (0.35) in late lactation to 0.64 (0.10) in mid-lactation. Hüttmann et al. 

(2009) found weak correlations after calving with a slight increase throughout lactation, while 

Manzanilla-Pech et al. (2014) and Li et al. (2018) reported the highest correlation in early lactation 

(weeks 4 and 7, respectively), and correlations weakening throughout the lactation. These changes 

in correlations suggest that increasing intake in the early stages of lactation will improve MBW in 

the early part of lactation, however, it may have negative implications in the later stages of 

lactation.  

The genetic correlations estimated between traits over time indicate that potentially 

different metabolic mechanisms are active between stages of lactation (Liinamo et al., 2012; 

Manzanilla-Pech et al., 2014; Li et al., 2018). Due to the changes in these correlations throughout 

lactation, it is important to consider different stages of lactation separately, and to consider all 

traits simultaneously in a selection program. Understanding the relationship between DMI, MBW, 
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ECM, and RFI and traits such as energy balance and body condition score is important for an 

integrated and successful approach to breeding for FE.  

3.4.2.4. Between Trait Phenotypic Correlations 

Between trait phenotypic correlations were relatively low over lactation for all traits. 

Correlations estimated between DMI and ECM (Figure 3.6A) ranged from 0.06 (0.04) in early 

lactation to 0.48 (0.04) in late lactation. The low phenotypic correlations observed in early lactation 

suggests that intake is not meeting the demands for milk production in early lactation. Phenotypic 

correlation estimates between MBW and ECM (Figure 3.6D) ranged from -0.10 (0.05) to 0.12 

(0.12); indicating that these traits are mostly unrelated phenotypically. Phenotypic correlations 

between DMI and MBW (Figure 3.6B) ranged from -0.03 (0.05) to 0.29 (0.02). Phenotypic 

correlations between RFI and MBW, and between RFI and ECM were almost zero for all Bi-WL, 

which was expected due to the nature of how RFI was calculated. However, DMI and RFI (Figure 

3.6C) had strong positive correlations in the same and close Bi-WL, but all other Bi-WL had weak 

correlations. This could reflect the dynamic phenotypic behavior of DMI and its influence on FE.  

3.4.3. EBV Theoretical Reliabilities 

Theoretical reliabilities are related to the amount of information available in the mixed 

model equation. Using a RRM to estimate EBV increases the amount of information available for 

the mixed model equation, which can help increase the reliability of the EBV compared to using 

accumulated 305-day traits (Oliveira et al., 2019b). The average reliability for DMI, ECM, MBW 

and RFI (considering all animals) were 0.17 (S.D. = 0.04), 0.21 (S.D. = 0.02), 0.19 (S.D. = 0.02) 

and 0.23 (S.D. = 0.03), respectively. The minimum reliability ranged from 0.11 (DMI - Bi-WL 18; 

~252 DIM) to 0.18 (RFI - Bi-WL 1; ~14 DIM), while the maximum reliability ranged from 0.21 

(ECM - Bi-WL 21; ~296 DIM) to 0.26 (MBW - Bi-WL 8; ~112 DIM). Low reliabilities were 

expected, due to the number of records available for this study and the estimated breeding values 

are relative to a single Bi-WL, not the entire lactation. Negussie et al. (2019) looked at the change 

in EBV reliability based on the amount of information provided using a RRM with a fourth order 

Legendre polynomial for Nordic Red Dairy Cattle. In their study the authors reported that weekly 

records provided higher reliability than records every four months, and slightly higher reliabilities 

for DMI (0.32) and RFI (0.25) were estimated relative to the current study. These differences are 
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likely related to the population structure and average number of records per animal (weekly vs. bi-

weekly).  

In summary, theoretical reliabilities can be increased by the inclusion of more information, 

such as increasing the number of phenotyped animals related to the population, and by the use of 

genomic information. Recently Canada published the first genomic evaluations for FE (Van 

Doormaal, 2021) using the single-step GBLUP method (Misztal et al., 2009a; Aguilar et al., 2010a; 

Christensen and Lund, 2010). This was done using a recursive repeatability multiple trait model 

fit the weekly phenotypic observations (Jamrozik et al., 2021) and resulted in reliabilities of 

approximately 0.44 on average (Richardson and Van Doormaal, 2021). This highlights the impact 

of genomic information and more records in the genetic evaluation of novel traits. 

3.4.4. Impact of Selecting for RFI at Various Time Points 

It has been suggested that selecting directly on FE is preferable than selecting on its 

components to maximize genetic gain (Kennedy et al., 1993; Lu et al., 2015; Houlahan et al., 

2021). Identifying the change in rank of bulls throughout the lactation is critical to assess the 

potential impacts of selecting for RFI at different time points. The proportion of bulls in common 

for the top 10% changed across the lactation for RFI (Figure 3.7), ranging from 37% (between Bi-

WL 1; ~14 DIM and 21; ~296 DIM) to 100% (Bi-WL 10 to 19; ~140 to 266 DIM). This finding 

suggests that bulls that rank the highest for FE in early lactation might not remain among the top 

bulls until the end of lactation. However, bulls that rank the highest for RFI in mid lactation are 

more likely to remain among the top bulls in other parts of the lactation. These results have 

promising implications for selection, and they corroborate with the idea that selection for FE traits 

should be performed after the lactation peak (Chud et al., 2019; Richardson and Van Doormaal, 

2021). Due to the higher proportion of animals selected in common between 140 days in milk (Bi-

WL 10; ~140 DIM) and 226 days in milk (Bi-WL 19; ~226 DIM), this time interval has potential 

to be considered as a candidate for selecting for RFI. In this time frame the proportion of bulls in 

common who are in the top 10% for RFI remain the same and have moderate correlations (0.46 to 

0.66) with the proportion of top 10% of bulls in common in early lactation. This moderate 

correlation between these time points suggested that bulls who have daughters that are feed 

efficient in later lactation are not as efficient in early lactation, potentially meaning that FE can be 
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improved in later lactation with minimal unfavorable impact on feed intake in early lactation. As 

highlighted in this study, using RRM to account for the pattern of RFI over time may allow for 

selection programs to focus on the improvement of FE at biologically appropriate times throughout 

the lactation.  

To assess the impacts on DMI, ECM and MBW when selecting for RFI, the mean EBV for 

all traits, based on the top 10% of bulls for RFI was used (Figure 3.8). The EBVs from the top 

10% of bulls for RFI were 2.79 standard deviations lower than the population mean, indicating 

that reduced RFI (increased efficiency) is expected in the population if these animals are selected. 

A reduction of intake is expected if selecting for RFI, i.e., a decrease of approximately 2.00 

standard deviations from the population mean is expected for DMI in early lactation, and 

approximately 1.70 standard deviations from the population mean in late lactation. In early 

lactation, MBW has a decrease of 0.74 standard deviations below the population mean, however 

ECM has an increase of 0.10 standard deviations above the population mean. This might suggest 

that selecting exclusively for RFI can favor smaller cows, and likely have small impact in their 

milk production. After peak lactation (Bi-WL 4; ~56 DIM), the top 10% of bulls for RFI are about 

2.30 standard deviations more efficient compared to the population mean. Therefore, it is expected 

that daughters of the top 10% of bulls for RFI will be close to an average cow for ECM, lower 

than an average cow for MBW and much lower than an average cow for DMI, which suggests that 

cows that are feed efficient are average for milk production. This highlights the need for selection 

indices when moving breeding programs forward. Houlahan et al. (2021) showed that including 

RFI into a selection program can improve FE while simultaneously improving other traits of 

interest, such as production, fertility, and conformation traits. As shown in Figure 3.7, the 

proportions of the top 10% of bulls for RFI remain constant from Bi-WL 10 to 19 (~ 140 to 266 

DIM). This time period corresponds to the time frame after peak lactation where FE improves to 

the point where animals are most efficient within the lactation, which further suggests this could 

be a good frame for selection. 

3.5. Conclusions 

The results presented in this study provide an insight into the dynamic behavior of 

phenotypic and genetic parameters of DMI, ECM, MBW, and RFI when assessed throughout 
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lactation. Genetic parameters estimated in this study changed over time, highlighting the need to 

consider how the traits change throughout lactation and consider multiple timepoints when 

collecting data and performing genetic evaluations. Moreover, the results suggest there are specific 

time points within the lactation where there could be an increased genetic gain for FE. To validate 

the results of this study and gain a deeper understanding of the changes that happen within DMI, 

ECM, MBW, and RFI throughout a lactation, future studies with a larger population should be 

conducted exploiting available genomic information. 
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3.8 Tables 

Table 3.1: Descriptive statistics for dry matter intake (DMI), energy corrected milk (ECM), 

metabolic body weight (MBW) and residual feed intake (RFI) for first lactation North American 

Holsteins. 

Trait 
Number 

of records 

Number of 

animals 
Mean SD Minimum Maximum 

DMI (kg) 31,967 3,521 20.95 4.08 4.05 40.91 

ECM (kg) 38,294 4,024 33.19 5.92 10.11 59.17 

MBW (kg) 26,394 3,231 119.08 10.68 68.66 172.33 

RFI (kg) 23,083 3,184 0.00 3.35 -18.90 17.28 

1 
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3.9 Figures 

 

Figure 3.1: Number of records for dry matter intake (DMI), energy corrected milk (ECM), 

metabolic body weight (MBW), and residual feed intake (RFI). 
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Figure 3.2: Heritabilities estimated for dry matter intake (DMI), energy corrected milk (ECM), 

metabolic body weight (MBW), and residual feed intake (RFI) over the lactation. Shadowing 

indicates the standard error of the estimates. 

.
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Figure 3.3: Heat map of within-trait genetic correlations over the lactation for: A) dry matter 

intake (DMI; standard errors between <0.01 and 0.15); B) energy corrected milk (ECM; standard 

errors between <0.01 and 0.08); C) metabolic body weight (MBW; standard errors between <0.01 

and 0.09); and D) residual feed intake (RFI; standard errors between <0.01 and 0.52) across days 

in milk. 
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Figure 3.4: Heat map of the within-trait phenotypic correlations over the lactation for: A) dry 

matter intake (DMI; standard errors between 0.01 and 0.18); B) energy corrected milk (ECM; 

standard errors between <0.01 and 0.09); C) metabolic body weight (MBW; standard errors 

between <0.01 and 0.09); and D) residual feed intake (RFI; standard errors between <0.01 and 

0.19) across days in milk. 
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Figure 3.5: Heat map of the genetic correlations between traits over the lactation. Pair of traits analyzed are: A) dry matter intake and 

energy corrected milk (DMI and ECM; standard errors between 0.08 and 0.18); B) dry matter intake and metabolic body weight (DMI 

and MBW; standard errors between 0.07 and 0.22); C) dry matter intake and residual feed intake (DMI and RFI; standard errors between 

0.07 and 0.40); D) energy corrected milk and metabolic body weight (ECM and MBW; standard errors between 0.10 and 0.16); E) 

energy corrected milk and residual feed intake (ECM and RFI; standard errors between 0.12 and 0.37); and F) metabolic body weight 

and residual feed intake (MBW and RFI; standard errors between 0.10 and 0.38).  
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Figure 3.6: Heat map of the phenotypic correlations between traits over the lactation. Pair of traits analyzed are: A) dry matter intake 

and energy corrected milk (DMI and ECM; standard errors between 0.06 and 0.18), B) dry matter intake and metabolic body weight 

(DMI and MBW; standard errors between 0.07 and 0.19), C) dry matter intake and residual feed intake (DMI and RFI; standard errors 

between 0.05 and 0.20), D) energy corrected milk and metabolic body weight (ECM and MBW; standard errors between 0.07 and 0.16), 

E) energy corrected milk and residual feed intake (ECM and RFI; standard errors between 0.08 and 0.17), and F) metabolic body weight 

and residual feed intake (MBW and RFI; standard errors between 0.08 and 0.17). 
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Figure 3.7: Heat map of the proportion of top 10% bulls in common across the lactation (10% 

bulls ranked for residual feed intake). 
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1 

 

Figure 3.8: Change in mean standardized EBV of the top 10% of bulls for residual feed intake 

(RFI) for dry matter intake (DMI), energy corrected milk (ECM), metabolic body weight (MBW) 

and RFI, where the mean of the standardized EBV is zero and the standard deviation is one. 

Shadowing indicates the standard error of the mean estimates. 
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3.10 Appendix II 

Table 3.2: Variance components and heritabilities estimated for dry matter intake over the bi-

weekly segments of lactation. 

Bi-weekly 

segment 
2

a 2
pe 2

e 2
p h2 

1 2.56(0.42) 1.76 (0.35) 4.67 (0.08) 8.99 (0.24) 0.29 (0.04) 

2 1.98 (0.30) 1.55 (0.25) 4.67 (0.08) 8.20 (0.18) 0.24 (0.04) 

3 1.76 (0.25) 1.52 (0.21) 4.67 (0.08) 7.95 (0.15) 0.22 (0.03) 

4 1.77 (0.23) 1.62 (0.19) 4.67 (0.08) 8.06 (0.15) 0.22 (0.03) 

5 1.91 (0.24) 1.79 (0.20) 4.67 (0.08) 8.37 (0.15) 0.23 (0.03) 

6 2.10 (0.26) 2.00 (0.21) 4.96 (0.07) 9.06 (0.16) 0.23 (0.03) 

7 2.28 (0.28) 2.22 (0.23) 4.96 (0.07) 9.47 (0.17) 0.24 (0.03) 

8 2.41 (0.30) 2.45 (0.25) 4.96 (0.07) 9.82 (0.18) 0.25 (0.03) 

9 2.46 (0.31) 2.66 (0.26) 4.96 (0.07) 10.08 (0.18) 0.24 (0.03) 

10 2.44 (0.32) 2.87 (0.28) 4.96 (0.07) 10.27 (0.19) 0.24 (0.03) 

11 2.35 (0.33) 3.09 (0.30) 6.14 (0.12) 11.59 (0.23) 0.20 (0.03) 

12 2.24 (0.36) 3.35 (0.32) 6.14 (0.12) 11.73 (0.24) 0.19 (0.03) 

13 2.15 (0.40) 3.69 (0.37) 6.14 (0.12) 11.98 (0.26) 0.18 (0.03) 

14 2.16 (0.47) 4.15 (0.45) 6.14 (0.12) 12.45 (0.30) 0.17 (0.04) 

15 2.37 (0.60) 4.79 (0.58) 6.14 (0.12) 13.30 (0.37) 0.18 (0.04) 

16 2.88 (0.81) 5.68 (0.78) 5.34 (0.16) 13.90 (0.49) 0.21 (0.06) 

17 3.83 (1.13) 6.90 (1.06) 5.34 (0.16) 16.07 (0.65) 0.24 (0.07) 

18 5.36 (1.58) 8.54 (1.46) 5.34 (0.16) 19.24 (0.89) 0.28 (0.08) 

19 7.66 (2.19) 10.70 (2.00) 5.34 (0.16) 23.70 (1.23) 0.32 (0.09) 

20 10.90 (.031) 13.49 (2.72) 5.34 (0.16) 29.73 (1.68) 0.37(0.09) 

21 15.30 (4.08) 17.03 (3.65) 5.34 (0.16) 37.66 (2.27) 0.41 (0.10) 

2
a is the additive genetic variance, 2

pe is the permanent environmental variance, 2
e is the 

residual variance, 2
p is the phenotypic variance, and h2 is the heritability. Corresponding 

standard errors are inside brackets. 
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Table 3.3: Variance components and heritabilities estimated for energy corrected milk over the 

bi-weekly segments of lactation. 

Bi-weekly 

segment  
2

a 2
pe 2e 2p h2 

1 14.41 (1.63) 9.44 (1.25) 10.41 (0.17) 34.26 (0.92) 0.42 (0.04) 

2 11.56 (1.30) 8.85 (1.01) 10.41 (0.17) 30.82 (0.74) 0.38 (0.04) 

3 9.56 (1.08) 8.59 (0.85) 10.41 (0.17) 28.55 (0.62) 0.34 (0.03) 

4 8.22 (0.93) 8.57 (0.74) 10.41 (0.17) 27.20 (0.54) 0.30 (0.03) 

5 7.39 (0.85) 8.74 (0.69) 10.41 (0.17) 26.54 (0.50) 0.28 (0.03) 

6 6.96 (0.81) 9.01 (0.67) 7.80 (0.11) 23.77 (0.46) 0.29 (0.03) 

7 6.80 (0.81) 9.34 (0.67) 7.80 (0.11) 23.94 (0.46) 0.28 (0.03) 

8 6.82 (0.82) 9.69 (0.69) 7.80 (0.11) 24.31 (0.47) 0.28 (0.03) 

9 6.94 (0.85) 10.02 (0.72) 7.80 (0.11) 24.76 (0.48) 0.28 (0.03) 

10 7.11 (0.88) 10.31 (0.74) 7.80 (0.11) 25.21 (0.50) 0.28 (0.03) 

11 7.28 (0.91) 10.53 (0.77) 6.23 (0.11) 24.05 (0.52) 0.30 (0.04) 

12 7.45 (0.94) 10.69 (0.80) 6.23 (0.11) 24.37 (0.53) 0.31 (0.04) 

13 7.61 (0.98) 10.79 (0.82) 6.23 (0.11) 24.62 (0.55) 0.31 (0.04) 

14 7.77 (1.02) 10.84 (0.86) 6.23 (0.11) 24.84 (0.58) 0.31 (0.04) 

15 7.98 (1.08) 10.86 (0.90) 6.23 (0.11) 25.07 (0.61) 0.32 (0.04) 

16 8.29 (1.15) 10.90 (0.97) 5.36 (0.11) 24.54 (0.66) 0.34 (0.04) 

17 8.78 (1.27) 10.98 (1.06) 5.36 (0.11) 25.11 (0.72) 0.35 (0.05) 

18 9.53 (1.43) 11.17 (1.18) 5.36 (0.11) 26.06 (0.81) 0.37 (0.05) 

19 10.67 (1.65) 11.52 (1.35) 5.36 (0.11) 27.55 (0.92) 0.39 (0.05) 

20 12.33 (1.95) 12.11 (1.59) 5.36 (0.11) 29.79 (1.08) 0.41 (0.05) 

21 14.64 (2.36) 13.01 (1.90) 5.36 (0.11) 33.01 (1.29) 0.44 (0.05) 

2
a is the additive genetic variance, 2

pe is the permanent environmental variance, 2
e is the 

residual variance, 2
p is the phenotypic variance, and h2 is the heritability. Corresponding 

standard errors are inside brackets. 
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Table 3.4: Variance components and heritabilities estimated for metabolic body weight over the 

bi-weekly segments of lactation. 

Bi-weekly 

segment 
2

a 2
pe 2

e 2
p h2 

1 32.53 (3.84) 12.00 (2.88) 16.73 (0.31) 61.27 (2.03) 0.53 (0.05) 

2 29.53 (3.19) 11.89 (2.35) 16.73 (0.31) 58.16 (1.71) 0.51 (0.05) 

3 28.35 (2.82) 11.98 (2.06) 16.73 (0.31) 57.06 (1.52) 0.50 (0.04) 

4 28.41(2.66) 12.23 (1.92) 16.73 (0.31) 57.38 (1.44) 0.50 (0.04) 

5 29.26 (2.63) 12.62 (1.90) 16.73 (0.31) 58.61 (1.42) 0.50 (0.04) 

6 30.51 (2.69) 13.12 (1.94) 14.99 (0.25) 58.62 (1.43) 0.52 (0.04) 

7 31.87 (2.80) 13.71 (2.02) 14.99 (0.25) 60.57 (1.48) 0.53 (0.04) 

8 33.15 (2.92) 14.36 (2.11) 14.99 (0.25) 62.50 (1.54) 0.53 (0.04) 

9 34.23 (3.04) 15.06 (2.22) 14.99 (0.25) 64.28 (1.60) 0.53 (0.04) 

10 35.10 (3.19) 15.78 (2.34) 14.99 (0.25) 65.87 (1.67) 0.53 (0.04) 

11 35.84 (3.36) 16.49 (2.50) 22.08 (0.50) 74.42 (1.81) 0.48 (0.04) 

12 36.60 (3.61) 17.20 (2.73) 22.08 (0.50) 75.88 (1.92) 0.48 (0.04) 

13 37.64 (3.98) 17.87 (3.06) 22.08 (0.50) 77.59 (2.07) 0.49 (0.04) 

14 39.31 (4.52) 18.50 (3.52) 22.08 (0.50) 79.88 (2.29) 0.49 (0.05) 

15 42.03 (5.30) 19.06 (4.17) 22.08 (0.50) 83.17 (2.61) 0.51 (0.06) 

16 46.33 (6.38) 19.56 (5.04) 10.53 (0.36) 76.43 (3.04) 0.61 (0.07) 

17 52.83 (7.87) 19.98 (6.23) 10.53 (0.36) 83.34 (3.66) 0.63 (0.08) 

18 62.24 (9.89) 20.31 (7.84) 10.53 (0.36) 93.08 (4.50) 0.67 (0.09) 

19 75.34 (12.59) 20.54 (9.97) 10.53 (0.36) 106.41 (5.65) 0.71 (0.10) 

20 93.03 (16.12) 20.67 (12.77) 10.53 (0.36) 124.23 (7.17) 0.75 (0.11) 

21 116.28 (20.67) 20.69 (16.38) 10.53 (0.36) 147.50 (9.15) 0.79 (0.12) 

2
a is the additive genetic variance, 2

pe is the permanent environmental variance, 2
e is the 

residual variance, 2
p is the phenotypic variance, and h2 is the heritability. Corresponding 

standard errors are inside brackets 
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Table 3.5: Variance components and heritabilities estimated for residual feed intake over the bi-

weekly segments of lactation. 

Bi-weekly 

segment 
2

a 2
pe 2

e 2
p h2 

1 1.63 (0.42) 2.04 (0.39) 4.49 (0.09) 8.16 (0.24) 0.20 (0.05) 

2 1.21 (0.29) 1.63 (0.26) 4.49 (0.09) 7.33 (0.17) 0.17 (0.04) 

3 0.97 (0.21) 1.47 (0.20) 4.49 (0.09) 6.92 (0.14) 0.14 (0.03) 

4 0.84 (0.18) 1.45 (0.17) 4.49 (0.09) 6.78 (0.13) 0.12 (0.03) 

5 0.81 (0.17) 1.52 (0.16) 4.49 (0.09) 6.81 (0.13) 0.12 (0.02) 

6 0.82 (0.17) 1.61 (0.16) 4.57 (0.08) 7.00 (0.12) 0.12 (0.02) 

7 0.87 (0.18) 1.70 (0.17) 4.57 (0.08) 7.13 (0.12) 0.12 (0.02) 

8 0.92 (0.18) 1.75 (0.18) 4.57 (0.08) 7.23 (0.13) 0.13 (0.03) 

9 0.96 (0.19) 1.78 (0.18) 4.57 (0.08) 7.30 (0.13) 0.13 (0.03) 

10 0.98 (0.20) 1.79 (0.19) 4.57 (0.08) 7.35 (0.14) 0.13 (0.03) 

11 0.99 (0.22) 1.83 (0.21) 6.01 (0.15) 8.83 (0.19) 0.11 (0.02) 

12 0.99 (0.25) 1.93 (0.25) 6.01 (0.15) 8.93 (0.20) 0.11 (0.03) 

13 0.98 (0.30) 2.17 (0.31) 6.01 (0.15) 9.17 (0.22) 0.11 (0.03) 

14 0.99 (0.39) 2.63 (0.41) 6.01 (0.15) 9.63 (0.26) 0.10 (0.04) 

15 1.03 (0.54) 3.42 (0.57) 6.01 (0.15) 10.46 (0.34) 0.10 (0.05) 

16 1.14 (0.77) 4.65 (0.82) 5.00 (0.22) 10.79 (0.50) 0.11 (0.07) 

17 1.35 (1.10) 6.46 (1.19) 5.00 (0.22) 12.81 (0.69) 0.11 (0.09) 

18 1.70 (1.57) 9.01 (1.71) 5.00 (0.22) 15.71 (0.97) 0.11 (0.10) 

19 2.24 (2.21) 12.46 (2.42) 5.00 (0.22) 19.70 (1.38) 0.11 (0.11) 

20 3.02 (3.05) 17.01 (3.35) 5.00 (0.22) 25.03 (1.92) 0.12 (0.12) 

21 4.11 (4.13) 22.86 (4.54) 5.00 (0.22) 31.97 (2.63) 0.13 (0.13) 

2
a is the additive genetic variance, 2

pe is the permanent environmental variance, 2
e is the 

residual variance, 2
p is the phenotypic variance, and h2 is the heritability. Corresponding 

standard errors are inside bracket 
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4.1 Abstract 

Animals that consume less feed, while producing the same amount of milk, have the 

potential to reduce costs associated with production. Genome-wide association studies were 

performed using imputed whole-genome sequence genotypes to better understand the genomic 

architecture of feed efficiency over the lactation. Deregressed genomic estimated breeding values 

for dry matter intake, energy corrected milk, metabolic body weight, and residual feed intake at 

two lactation stages (before and after 60 days in milk) were used as pseudo-phenotypes in the 

analysis. Significant SNP (determined based on the two lactation stages) also had their effects 

estimated over time using random regression models. Functional candidate genes were identified 

as positional candidate genes if they were significant in the gene ontology and molecular function 

terms analyses. Seven functional candidate genes were identified before 60 days in milk, and 27 

were identified after 60 days in milk. No functional candidate genes were identified in common 

between the two lactation stages. Furthermore, the effects of the significant SNP associated with 

the functional candidate genes changed in magnitude throughout the lactation. These results offer 

insights into the dynamic genomic background of feed efficiency and its underlying traits, which 

can aid with the incorporation of feed efficiency in dairy breeding programs. 

4.2 Introduction 

With costs of production continuously increasing, finding ways to improve both farm and 

animal efficiency is paramount to assure the long-term sustainability of the dairy industry. Animals 

that consume less feed, while producing the same amount of milk, have the potential to reduce 

costs associated with production. The physiology of lactation must be taken into consideration 

when selecting to improve feed efficiency (FE). For instance, peak lactation occurs in early 

lactation (6 to 8 weeks after calving), and coincides with a period of negative energy balance, i.e., 

cows use more energy than they can consume. This requires body store mobilization to meet their 

energy demands. During the period of negative energy balance, it is important to ensure that feed 

intake is not further reduced in the first part of the lactation due to selection for improved FE. 

Therefore, is it important to consider feed efficiency in multiple time points across the lactation.  
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Recently FE has been included in the official genetic evaluations around the world (Pryce 

et al., 2015; CDCB, 2020; Richardson and Van Doormaal, 2021). While it is well known that FE 

is heritable and consequently, that selection for improved FE is possible (Tempelman et al., 2015; 

Krattenmacher et al., 2019; Houlahan et al., 2021), interest surrounding the genomic background 

of feed efficiency has grown (Lu et al., 2018; Li et al., 2019). It has been suggested that FE is a 

highly polygenic trait (Hardie et al., 2017; Li et al., 2019), and gaining a better understanding of 

the genomic architecture controlling this trait can help to optimize the selection schemes. 

Residual feed intake (RFI) is a commonly used indicator trait of FE. In summary, RFI is 

defined as the difference between an animal’s expected feed intake based on requirements for 

maintenance and production and its actual feed intake (Berry and Crowley, 2013; Connor, 2015). 

Generally, RFI is calculated as the residual of the fixed linear regression of dry matter intake 

(DMI) on an energy sink related to milk, such as energy corrected milk (ECM) and an energy sink 

related to maintenance metabolic function such as metabolic body weight (MBW). One of the 

greatest advantages of incorporating RFI in the breeding programs is the fact that RFI is 

phenotypically unrelated to milk production and body weight, which allows for improvement to 

FE without compromising milk production or altering body size. Previous studies have shown that 

FE (RFI) and its underlying traits such as DMI, ECM and MBW exhibit a dynamic behavior over 

the lactation (Krattenmacher et al., 2019; Houlahan et al., 2021), which suggests that the candidate 

genes and quantitative trait loci (QTL) controlling FE may also change throughout the lactation.  

Previous studies have already considered FE at different time points within the lactation as 

different traits, but using medium-density (50-60k) (Hardie et al., 2017; Lu et al., 2018) and high-

density (300k) (Li et al., 2019) genotypes. Using imputed whole-genome sequence (WGS) 

genotype data might allow further refinement of the genomic regions associated with FE over the 

lactation, without greatly increasing the costs associated with genotyping. Therefore, the overall 

objective of this study was to better understand the genetic architecture of FE over the lactation. 

The specific objectives were to identify genomic regions and candidate genes associated with 

DMI, ECM, MBW, and RFI considering two stages of lactation: 1) from 5 to 60 days in milk 

(DIM); and 2) from 61 to 305 DIM; by performing genome-wide association studies (GWAS) 

using WGS genotype data. Additionally, to validate the differential pattern of SNP effects over the 
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lactation, GWAS would be performed on the coefficients of the random regression models (RRM) 

predicted in Houlahan et al. (2021) found to be significant in at least one of the two lactation stages.  

4.3 Materials and Methods 

4.3.1 Ethics and Animal Care 

No Animal Care Committee approval was necessary for the purposes of this study, as all 

information required was obtained from pre-existing databases. 

4.3.2 Datasets 

The datasets used in this study were provided by Lactanet (Guelph, ON, Canada, 1,469 

cows) through the Resilient Dairy Genome Project (http://www.resilientdairy.ca/) and the Efficient 

Dairy Genome Project (https://genomedairy.ualberta.ca/), and the Council on Dairy Cattle 

Breeding (CDCB; Bowie, MD, USA, 2,555 cows). Phenotypic data for first parity Holstein cows 

was recorded from 5 to 305 DIM were used to create three distinct datasets for the analysis, which 

included records from: 1) 5 to 60 DIM (PRE60) for DMI (3,508 animals), ECM (3,507 animals), 

MBW (3,509 animals), and RFI (3,373 animals); 2) 61 to 305 DIM (POST60) for DMI (3,560 

animals), ECM (3,591 animals), MBW (3,588 animals), and RFI (3,420 animals); and 3) 5 to 305 

DIM (FLAC) for DMI (3,560 animals), ECM (3,591 animals), MBW (3,588 animals), and RFI 

(3,420 animals). The threshold of 60 DIM was used in this study in order to corroborate with the 

official genetic evaluations recently performed for FE in Canada (Jamrozik et al., 2021), and 

because lactation peak occurs around 60 DIM (Silvestre et al., 2009). Details regarding the original 

data, phenotypic quality control, variance components, and the RRMs used to estimate the random 

regression coefficients for the additive genetic effect in the genetic evaluation of DMI, ECM, 

MBW, and RFI are available in Houlahan et al. (2021). In brief, all RRMs included fixed effects 

of herd-year of calving, age at calving, year-season of calving, bi-weekly segments of lactation (1 

to 21), fixed regression curves for year-season of calving, and random regression curves for the 

additive genetic and permanent environmental effects. Fixed and random regressions were 

modeled by quadratic regressions using third order Legendre orthogonal polynomials (Kirkpatrick 

et al., 1990).  

about:blank
https://genomedairy.ualberta.ca/
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4.3.3 Genotypes, Imputation and Quality Control 

Imputed WGS data containing 42,158,739 SNP on 29 bovine autosomes (BTA) were 

available for 4,702 Holstein cows. Marker coordinates were updated to the ARS-UCD1.2 assembly 

of the bovine reference genome. Genotype imputation was performed in two steps: 1) imputation 

from medium density panels (MD, 60,914 SNP Zoetis Custom SNP chip ZM2, Zoetis, Kalamazoo, 

MI, or 96,192 SNP, Geneseek Genomic Profiler HD, Neogen Corp, Lexington, KY) to a high-

density panel (HD, 311,725 SNP; Subset of BovineHD, Illumina, San Diego, CA); and 2) 

imputation from HD to WGS. The reference population for the first step had 3,107 animals from 

the same Holstein population, and the reference population for the second step had 2,941 bos 

taurus animals with WGS data (from the 1,000 Bull Genomes Project - Run8), which included 

300 North American Holstein animals (Hayes and Daetwyler, 2019). Prior to the two-step 

imputation, SNP with call rate lower than 0.95 and/or extreme deviations from Hardy-Weinberg 

equilibrium (p < 10-8) were removed. Only SNP that were present in the original MD and HD 

datasets were retained during the genotypic quality control (QC). After QC, before imputation, 

38,977 and 96,192 SNP remained in the Zoetis and Geneseek MD panels, respectively. Imputation 

from MD to HD was performed using the FImpute software, with an average expected imputation 

accuracy of 0.98 (Sargolzaei et al., 2014). A total of 290,283 SNP remained in the HD panel dataset 

after QC. The imputation from HD to WGS was performed for each of the 29 autosomal 

chromosomes using Minimac3 (Das et al., 2016), with an average imputation accuracy of 0.94 

(range of 0.78 to 0.95).Imputation accuracy was calculated following the methods outlined in 

Oliveira Junior et al. (2017). 

For the imputed WGS markers, an additional QC was performed, which required that 

variants had an R2 value > 0.9 (calculated by Minimac3, as the observed variance over the expected 

variance given the observed allele frequency and assuming Hardy-Weinberg equilibrium (Das et 

al., 2016)), minor allele frequency (MAF) > 0.01 and no extreme deviation from Hardy-Weinberg 

equilibrium (p < 10-8). A total of 9,598,535 high confidence WGS SNP remained for the GWAS 

analysis of DMI, ECM, MBW and RFI. All genotypic QCs were performed using PLINK v1.9 

(Purcell et al., 2007).  



 

 

87 

 

4.3.4 Deregressed Genomic Estimated Breeding Values 

All GWAS performed in this study used deregressed genomic estimated breeding values 

(dGEBV) as pseudo-phenotypes, because they are usually more reliable than traditional pedigree-

based estimated breeding values, especially for novel traits (Oliveira et al., 2018). Genomic 

estimated breeding values (GEBV) for the random regression coefficients (FLAC) and the 

different stages of lactation (PRE60 and POST60) were predicted using the single-step Genomic 

Best Linear Unbiased Prediction (ssGBLUP; Misztal et al., 2009; Aguilar et al., 2010) and single-

trait models. Details about the statistical models used are available in Houlahan et al. (2021). 

Theoretical GEBV reliabilities (RELGEBV) for the traits of each animal were calculated for each 

lactation stage and random regression coefficient using the prediction error variance (PEV), i.e.:  

𝑹𝑬𝑳𝑮𝑬𝑩𝑽𝒊
= 1 − (

𝑷𝑬𝑽𝒊

𝜎𝑎
2(1+𝐹𝑖)

), 

where 𝑅𝐸𝐿𝐺𝐸𝐵𝑉𝑖
 is the GEBV reliability for the animal i, 𝑃𝐸𝑉𝑖  is the PEV for the animal i, 𝜎𝑎

2 is 

the additive genetic variance estimated for each trait (using PRE60, POST60, or each random 

regression coefficient), and 𝐹𝑖 is the inbreeding coefficient for the animal 𝑖. Only animals with a 

minimum GEBV reliability of 0.01 for the analyzed trait were included in the GWAS. 

Deregression of the GEBV followed the method described in VanRaden et al. (2009). The dGEBV 

that were within 3.5 standard deviations of the mean were kept for the analysis.  

4.3.5 GWAS 

The GWAS were performed using the mlma option in the program GCTA (Yang et al., 

2011), which fits a linear mixed model, including a polygenic effect. The SNP effects were 

estimated using:  

𝒚 = 𝟏𝜇 + 𝑿𝒃 + 𝒁𝒖 + 𝒆, 

where 𝒚 is the vector of pseudo-phenotypes (dGEBV) for the analyzed trait using either PRE60, 

POST60, or each regression coefficient, 𝟏 is a vector of ones; 𝜇 is the overall mean; 𝒃 is the fixed 

effect of the SNP tested for the association; 𝑿 is a vector containing the recoded genotype for the 

tested SNP (i.e., 0, 1 or 2); 𝒖 is the vector of the remaining polygenic effect with 𝒖 ~ N(0, G𝜎𝑢
2), 

where G is the genomic relationship matrix (GRM) and 𝜎𝑢
2 is the variance of the polygenic effects; 
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𝒁 is the incidence matrix for 𝒖; and 𝒆 is the vector of the residual effects with 𝒆 ~ N(0, I𝜎𝑒
2), where 

I is an identity matrix, and 𝜎𝑒
2 is the residual variance. To reduce computational demands, the 

imputed HD genotypes were used to construct the GRM.  

After the GWAS, SNP were ranked based on their p-values and clumped according to their 

linkage disequilibrium pattern (𝑟2 > 0.9). The clumping method has been suggested as a 

preferable alternative method to the pruning strategy (Prive et al., 2018) to account for collinearity, 

and it has been used in previous studies (e.g., Chen et al., 2020).  

4.3.6 Multiple Testing Correction and Significance Testing 

To correct for the potential occurrence of false positives the threshold of significance (𝛼) per 

chromosome was calculated as (Li et al., 2015; Chen et al., 2020): 

𝛼𝑖 =
0.05

𝑀𝑒𝑖

 

where 𝑖 is the chromosome, and 𝑀𝑒 is the number of independent segments at the chromosome-

wise level, which is calculated as (Goddard et al., 2011):  

𝑀𝑒 =
2𝑁𝑒𝐿

log (𝑁𝑒𝐿)
 

where 𝑁𝑒 is the effective population size of 115 (Stachowicz et al., 2011; Chen et al., 2020), and 

𝐿 is the chromosome length in centimorgans, where one centimorgan was considered to be 

equivalent to one Mb (Wang et al., 2016). This resulted in SNP being considered statistically 

significant if the -log10 p-value was higher than the chromosome-wide threshold, which ranged 

from 4.36 to 4.87 (average ± SD: 4.61 ± 0.14).  

4.3.7 Functional Analysis 

Positional candidate genes located within ±50kb from the significant SNP were retrieved 

using the GALLO R package (Fonseca et al., 2020), which used the annotation information from 

the Ensembl Genes database version 104 (https://useast.ensembl.org/Bos_taurus/Info/Index). 

Gene ontology (GO; either biological process (BP), cellular component (CC), or molecular 

function (MF)), and Kyoto Encyclopedia of Genes and Genomes (KEGG) metabolic pathway 

https://useast.ensembl.org/Bos_taurus/Info/Index
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analyses of the positional candidate genes were performed using the WebGestaltR R package 

(Wang et al., 2020). To further refine the analysis, positional candidate genes were assigned as 

functional candidate genes (FCG) if the positional candidate gene was identified as statistically 

significant (p-value < 0.05) in the GO and the KEGG analyses for each trait, either in PRE60 or 

POST60. 

4.3.8 SNP Effects over the Lactation 

To assess the change in SNP effects over the lactation for each trait, the significant SNP 

associated with the FCG in PRE60 and POST60 were used, for SNP with MAF > 0.05. The SNP 

effects were calculated for each bi-weekly segment of the lactation (21 bi-weekly segments), using 

the SNP effect solutions of the random regression coefficients calculated in GCTA (Yang et al., 

2011), i.e.: 

𝑺𝑵𝑷𝑘 = 𝑻𝒖𝒌, 

where 𝑺𝑵𝑷𝑘  is the vector that contains the SNP effects estimated for every bi-weekly segment for 

the kth SNP, 𝑻 is a matrix of covariates associated with the Legendre orthogonal polynomials, and 

𝒖𝒌is the vector of SNP solutions for all random regression coefficients related to the kth SNP.  

 

4.4 Results and Discussion 

4.4.1 Significant SNP and Positional Candidate Genes 

The primary purpose of this study was to better understand how the genomic architecture 

of FE can differ at various stages of the lactation. Details of the significant SNP related to FCG 

are presented in Table 1. A full description of significant SNP associated with DMI, ECM, MBW 

and RFI considering the PRE60 and POST60 datasets are shown in Appendix III. To facilitate the 

comparison of results and discussion, our findings using PRE60 and POST60 are shown separately 

in this paper. A last section including the results from the RRM, for all candidate genes identified 

in PRE60 and POST60, has also been included. Only selected FCG will be further discussed in 

this paper.  
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4.4.1.1 Before 60 Days in Milk (PRE60) 

A total of 30, 24, 30, and 37 significant SNP were associated with DMI, ECM, MBW and 

RFI, respectively (Figure 4.1) in the first part of lactation. In this study, small peaks were observed, 

which is in agreement with Tetens et al. (2014) who analyzed DMI at 11 to 30 DIM, and 

Krattenmacher et al. (2019) who analyzed DMI and ECM at 14 to 46 DIM. Both previous studies 

used the Illumina SNP50v1 BeadChip (Illumina Inc., San Diego, CA). It is important to highlight 

that the mentioned studies did not observe any significant SNP for DMI (Tetens et al., 2014; 

Krattenmacher et al., 2019), which might be related to the fact that they used Bonferroni correction 

(i.e., a conservative method) to determine which SNP were significant. Lu et al. (2018) also did 

not observe significant SNP while analyzing milk energy and DMI, but they reported a few 

significant SNP for MBW and RFI after Bonferroni correction. No overlap was observed between 

the significant SNP reported in Lu et al. (2018) and this study. 

From the significant SNP found in this study, a total of 7, 16, 13 and 10 positional candidate 

genes were found to be potentially associated with DMI, ECM, MBW and RFI, respectively. The 

majority of the positional candidate genes found in this study were observed on BTA 17 (DMI), 

25 (ECM), 13 (MBW), and 12 (RFI), which suggest the importance of these chromosomes in the 

genetic control of the analyzed traits. 

4.4.1.2 After 60 Days in Milk (POST60) 

A total of 151 (DMI), 78 (ECM), 35 (MBW) and 64 (RFI) significant SNP (Figure 4.2) 

were found in the second part of the lactation. In contrast to the results in PRE60, concentrated 

peaks were observed for DMI on BTA 15 and 22, which could suggest a potential QTL region for 

this trait. Less concentrated peaks were observed for ECM on BTA 1, 5, 7, 12, and 23. Even smaller 

peaks were observed on BTA 17 (MBW) and 28 (RFI.). In contrast to our findings, Tetens et al. 

(2014) had data available up to 180 DIM and found only a few significant SNP with no major 

peaks for DMI from 80 to 180 DIM. Krattenmacher et al. (2019) analyzed data up to 180 DIM and 

also did not observe major peaks, nor did they detect any significant SNP for DMI from 75 to 180 

DIM. However, Krattenmacher et al. (2019) detected significant SNP associated with ECM 

evaluated after 60 DIM, but there were no overlapping SNP with our study. Hardie et al. (2017), 

Lu et al. (2018), and Li et al. (2019), which all considered the traits between 50 to 200 DIM, 
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observed few small peaks for MBW and RFI, though there were no overlapping significant SNP 

with our study. 

A total of 92, 71, 26 and 40 positional candidate genes were found to be associated with 

DMI, ECM, MBW and RFI, respectively. The majority of the positional candidate genes were 

observed on BTA15 (DMI), 1 (ECM), 17 (MBW), and 28 (RFI). Overall, these results highlight 

the polygenic nature of FE and its indicator traits, which is in agreement with previous studies 

(e.g., Hardie et al., 2017; Li et al., 2019). Differences in the set of significant SNP and positional 

candidate genes between PRE60 and POST60 suggest that the genetic architecture of FE changes 

over the lactation. The lack of overlap between significant SNP and positional candidate genes 

between PRE60 and POST60 was a surprising result because both stages of lactation are 

correlated. One potential reason for the lack of overlap could be along with the changing genetic 

architecture of FE and its underlying traits, there is a limited number of animals used in this study. 

However, the idea of the genetic architecture changing over the lactation is supported by previous 

studies (Tetens et al., 2014; Krattenmacher et al., 2019), who also observed significant SNP 

changing over the course of the lactation within a given trait related to FE.  

4.4.2 Functional Candidate Genes 

Positional candidate genes were considered to be FCG if the GO and KEGG metabolic 

pathways were significant. Statistically significant (p-value < 0.05) GO pathways related to the 

FCG are shown in Tables 4.2 (PRE60), and Table 4.3 (POST60). Additionally, statistically 

significant KEGG metabolic pathways related to the FCG are shown in Table 4.4 (PRE60) and 

Table 4.5 (POST60). A full list of statistically significant SNP GO pathways and KEGG metabolic 

pathways for PRE60 and POST60 are available in Appendix III (Tables 4.6-4.11). 

4.4.2.1 Before 60 Days in Milk (PRE60) 

There were 2 (DMI), 2 (ECM), 1 (MBW), and 2 (RFI) FCG identified in PRE60. The FCG 

most likely associated with DMI were involved with the mucin type O-glycan biosynthesis 

(GLANT14) and GABAergic synapse (SLC6A1). The mucin type O-glycan biosynthesis pathway 

is involved in the digestive tract, specifically with salivary and gastric acid secretion, where it 

plays a role in cell protection (mucus barrier functions) and promotes homeostasis with microbes 
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(Bergstrom and Xia, 2013). Interestingly, this pathway was also found to be enriched in Taussat 

et al. (2020), which considered FE traits in Charolais beef cattle. Salivary and gastric acid 

secretions are stimulated by the sight, smell and taste of feed, and these secretions are further 

enhanced by feed consumption (Cummings and Overduin 2007; Keesman et al., 2016). With this, 

it could be postulated that animals with higher levels of secretions also have higher levels of intake. 

Additionally, the GABAergic synapse is responsible for maintaining the excitation and inhibition 

ratio and long-term homeostasis of neuronal circuits (Ko et al., 2015) and has been shown to be 

involved in the regulation of feeding behaviors (Tretter and Moss, 2008). 

In the current study, the GABAergic synapse pathway was also found to be significantly 

associated with MBW (GABRB5). Fan et al. (2015), who looked at traits related to meat production 

in Simmental cattle, also identified the GABAergic synapse as being related to feed intake and live 

weight. The neuroactive ligand-receptor interaction pathway was also significantly associated with 

MBW (GABRB5), which has previously been associated with feed intake and body weight in 

chickens (Cao et al., 2020). Based on these results, GABRB5 seems to be associated with different 

metabolic pathways affecting both body weight and feed intake. Further research into this 

association is needed to better understand the relationship.  

The metabolic pathways significantly associated with ECM were related to the mammary 

development and the synthesis and secretion of milk and its components. The notch signaling 

pathway (CREBBP) is a highly conserved cell signaling system that is present in most mammals 

and plays a fundamental role in dictating the fate of a cell (Artavanis-Tsakonas et al., 1999). The 

notch signaling pathway has been shown to be important for mammary gland development and 

lactation as it plays a crucial role in controlling the fate of the mammary epithelial cells (Politi et 

al., 2004; Yalcin-Ozuysal et al., 2010). Do et al. (2017) also found that the notch signaling pathway 

was involved with the synthesis of milk lactose. Moreover, the TGF-beta signaling pathway was 

also significantly associated with ECM and has been shown to be involved with the development 

of mammary tissues (Plaut et al., 2003). As expected, the metabolic pathways significantly 

associated with ECM were related to the mammary development and the synthesis and secretion 

of milk and its components. 
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Surprisingly, the metabolic pathways significantly associated with RFI in the PRE60 were 

not observed in DMI, ECM or MBW. Most notably, the gene PBX1, which was associated with 

the metabolic pathway related to cortisol synthesis and secretion, has been previously identified as 

playing a role in clinical and subclinical ketosis (Soares et al., 2021). It is well known that cows 

are under metabolic stress during early lactation, which is when they are most vulnerable to clinical 

and subclinical ketosis (Baird, 1982), and when their cortisol levels are increased (Gellrich et al., 

2015). Animals that are very feed efficient in early lactation are typically mobilizing more body 

reserves to meet the demand of increased milk production (Chud et al., 2019), which could make 

them more susceptible to clinical and subclinical ketosis. This result highlights the caution that 

should be taken when selecting to improve FE in breeding programs. It is critical to avoid placing 

selection pressure on early lactation to mitigate the potentially negative impacts on animal health.  

4.4.2.2 After 60 Days in Milk 

There were 6 (DMI), 10 (ECM), 4 (MBW) and 4 (RFI) FCG identified in POST60. One of 

the metabolic pathways significantly associated with DMI was vascular smooth muscle contraction 

(PDE2A), which has also been found by Taussat et al. (2020) in Charolais beef cattle. Taussat et 

al. (2020) also reported a significant association between the cGMP-PKG signaling pathway 

(PDE2A) and FE, which was also considered important for DMI and ECM in this study. The 

cGMP-PKG signaling pathway (PDE2A, ARRB1) is responsible for mediating the relaxation and 

contraction of smooth muscle, such as those found in the digestive tract (Fiscus, 2002), and was 

also found to be significantly associated with ECM and RFI. Additionally, Banerjee et al. (2020) 

observed an association with the cGMP-PKG signaling pathway and FE in Landrace pigs. 

Banerjee et al. (2020) also observed an association between FE in Landrace pigs and the synthesis 

and secretion of aldosterone (PDE2A, ARRB1), which is responsible for regulating sodium 

homeostasis, helping to control blood volume and pressure (Bollag, 2014). In this study, the 

synthesis and secretion of aldosterone was associated with DMI. The association of FE and related 

traits with pathways related to digestive tract (smooth) muscle contraction could indicate that the 

efficiency of the digestive tract plays a role in overall FE.  

Similar to PRE60, the pathways associated with ECM were related to the synthesis and 

secretion of milk, such as the p53 signaling pathway (CCND1), which has been shown to be related 
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to milk lipids, proteins, lactose, and fatty acids synthesis (Li et al., 2020). Additionally, the 

oxytocin signaling pathway was found to be associated with ECM in this study. The oxytocin 

signaling pathway is known for its critical role in the regulation of parturition and lactation 

(Chatterjee et al., 2016), and has also been associated with milk yield and fat percentage (Azizpour 

et al., 2020). Unlike what was found for PRE60, associations between ECM and pathways related 

to the innate immune system, such as the cytosolic DNA-sensing pathway (POLR3B), were 

observed in POST60. Additional pathways, such as the axon guidance pathway, have also been 

previously associated with body weight and feed intake in crossbred beef steers (Lindholm-Perry 

et al., 2020). Finally, the rap1 signaling pathway, which is involved in the regulation of cell-cell 

adhesion between the epithelial cells, was associated with RFI. Studies performed by de Oliveira 

et al. (2018) and Cantalapiedra-Hijar et al. (2018) also reported the association of the rap1 

signaling pathway and RFI in beef cattle. The pathways associated with the FCG for DMI, ECM, 

MBW, and RFI were different between PRE60 and POST60. This continues to highlight that FE 

and its underlaying traits have a changing genomic architecture over the lactation. In addition, 

further studies the focus on the candidate genes identified, such as gene expression analyses would 

be warranted to validate these results.  

4.4.3 SNP Effects over the Lactation 

To assess the complete range of SNP effects over the lactation, the SNP effects associated 

with the FCG in PRE60 and POST60 were estimated using RRM (Figure 4.3). In general, the SNP 

effects associated with the FCG varied across the lactation. The amount of variation was dependent 

on the trait and SNP. For instance, the effects of a SNP associated with KCNMA1 (a FCG 

associated with RFI) ranged from -3.38kg to 4.43kg from early to late lactation. Additionally, a 

significant SNP related to PDE2A (a FCG associated with DMI) changed up to 4kg (-3.36kg to 

0.85kg) across the lactation. Both ECM and MBW had lesser variation across the lactation 

compared to RFI and DMI, with a minimum variation of 1.50kg (GABRA5, FCG associated with 

MBW) to a maximum variation of 3.33kg (CLDN23, FCG also associated with MBW) throughout 

the lactation.  

It is important to highlight that only SNP with MAF > 0.05 were used to validate the 

magnitude of the changes overtime. This criterium was used in order to avoid overestimation of 
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SNP effects due to the low frequency of some alleles (and consequently, low proportion of animals 

in the population carrying them), which could impact the results. The impact of low MAF on the 

overestimation of SNP effects is already known in the scientific community (Tabangin et al., 

2009).  

The variability observed in the SNP effects over the lactation supports the idea that the 

genetic architecture (i.e., candidate genes and genomic regions associated with the underlying 

traits) of FE changes over the lactation. Houlahan et al. (2021) observed that the top 10% of bulls 

with estimated breeding values for FE changes throughout the lactation, further supporting the 

results of this study. The changing genetic background of FE throughout lactation has implications 

for data collection and selection. Ensuring accurate data recording at multiple time points over the 

lactation is critical for optimal selection for FE. Additionally, the changing genomic background 

suggests that multiple time points within the lactation should be considered for selection.  

4.5 Conclusions 

The results of this study provide insights on the varying genomic architecture of FE (RFI) 

and its underlying traits (DMI, ECM and MBW). Observing different significant SNP and FCG 

between PRE60 and POST60, along with the SNP effects estimated using the RRM, support the 

idea that the genomic architecture of FE changes over the lactation. Moreover, the results of this 

study reinforce the complex and polygenic nature of FE, which continues to highlight the need for 

accurate phenotypes across lactation to enable optimal selection to improve FE. 
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4.8 Tables 

Table 4.1: Description of significant SNP related to the functional candidate genes associated 

with dry matter intake (DMI), energy corrected milk (ECM), metabolic body weight (MBW), 

and residual feed intake (RFI) for PRE60 (5 to 60 days in milk) and POST60 (61 to 305). 

 Trait BTA Position (bp) p-value MAF 
SNP effects 

(kg) 

Candidate genes 

(within ± 50 Kb) 

PRE60 

DMI 
11 68,937,288 8.80x10-06 0.02 -6.43 GALNT14 

22 68,772,415 3.02x10-05 0.02 -6.33 SLC6A1 

ECM 
10 75,749,970 1.44x10-05 0.28 -7.72 PPP2R5E 

25 30,40,187 7.61x10-06 0.01 -27.64 CREBBP 

MBW 21 4,314,127 9.59x10-06 0.44 25.15 GABRA5 

RFI 
3 4,281,449 1.51x10-05 0.07 -0.78 PBX1 

 12 83,555,232 3.56x10-06 0.01 -2.02 LIG4 

POST60 

DMI 

11 45,900,475 1.22x10-05 0.11 -8.85 NCK2 

13 41,975,904 9.57x10-06 0.47 5.64 NXT1 

15 52,080,913 6.87x10-06 0.05 -12.89 PDE2A 

15 54,471,916 1.41x10-05 0.27 -6.17 ARRB1 

15 41,821,418 6.60x10-09 0.02 -24.80 EIF4G2 

22 17,301,994 2.77x10-05 0.01 -21.55 SRGAP3 

ECM 1 82,956,709 5.31x10-06 0.01 136.90 AP2M1 

 5 69,788,184 7.93x10-06 0.01 129.66 POLR3B 

 7 15,289,829 1.75x10-05 0.01 115.17 SGCD, DNM2 

 17 43,694,047 2.07x10-05 0.01 123.00 GUCY1A1 

 19 9,244,699 2.81x10-05 0.03 -85.69 MPO 

 23 25,353,653 7.93x10-08 0.02 133.04 ELOVL5 
 27 15,075,835 2.37x10-05 0.02 98.96 ACSL1 

 29 46,912,351 1.63x10-05 0.02 -91.91 CCND1 

 29 47,529,660 2.69x10-06 0.02 -102.44 CTTN 

MBW 

13 31,493,204 1.50x10-05 0.45 126.81 CUBN 

17 10,168,836 2.01x10-05 0.46 123.46 ARHGAP10 

27 24,694,415 4.67x10-07 0.35 -150.36 CLDN23 

28 29,933,474 2.06x10-06 0.04 -337.53 VCL 

RFI 

13 19,921,673 1.45x10-05 0.23 -0.45 ITGB1 

25 25,900,961 1.02x10-05 0.01 -1.73 ATP2A1 

28 34,950,186 3.53x10-05 0.44 0.37 PPIF 

28 32,960,223 7.80x10-06 0.22 -0.47 KCNMA1 



 

 

105 

 

Table 4.2: List of significant (p-value <0.05) gene ontology (GO) terms associated with 

biological processes, molecular functions, and cellular components for dry matter intake (DMI), 

energy corrected milk (ECM), metabolic body weight (MBW), and residual feed intake (RFI) for 

functional candidate genes found before 60 days in milk (PRE60). 

GO category Trait GO term p-value Gene names 

Biological 

processes 

MBW 

multicellular organismal response to stress 0.01 GABRA5 

mechanoreceptor differentiation 0.02 GABRA5 

nerve development 0.02 GABRA5 

RFI 

embryo development ending in birth or egg 

hatching 
0.01 PBX1; LIG4 

regulation of nervous system development 0.02 PBX1; LIG4 

regulation of cell development 0.02 PBX1; LIG4 

fibroblast proliferation 0.02 LIG4 

immune system development 0.02 PBX1; LIG4 

endocrine system development 0.04 PBX1 

maintenance of cell number 0.04 LIG4 
appendage development 0.05 PBX1 

Cellular 

component 

DMI Golgi apparatus part 0.01 GALNT14 

ECM phosphatase complex 0.04 PPP2R5E 

RFI DNA repair complex 0.02 LIG4 

Molecular 

function 

DMI 
neurotransmitter transporter activity 0.02 SLC6A1 

neurotransmitter binding 0.02 SLC6A1 

ECM 

p53 binding 0.02 CREBBP 

damaged DNA binding 0.03 CREBBP 

phosphatase regulator activity 0.03 PPP2R5E 

MBW neurotransmitter receptor activity 0.03 GABRA5 
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Table 4.3: List of significant (p-value <0.05) gene ontology (GO) terms associated with 

biological processes, molecular functions, and cellular components for dry matter intake (DMI), 

energy corrected milk (ECM), metabolic body weight (MBW) and residual feed intake (RFI) for 

functional candidate genes found after 60 days in milk (POST60). 

GO category Trait GO term p-value Genes 

Biological 

processes 

DMI 

nuclear transport <0.01 NXT1; PDE2A 

protein import <0.01 NXT1; PDE2A; 

protein localization to organelle 0.01 NXT1; PDE2A 

regulation of cellular amide metabolic 

process 
0.01 NCK2 

regulation of DNA-templated transcription 

in response to stress 
0.01 NCK2 

receptor metabolic process 0.01 ARRB1 

circulatory system process 0.01 ARRB1; PDE2A 

regulation of anatomical structure size 0.02 ARRB1 

regulation of cellular localization 0.02 NXT1; PDE2A; ARRB1 

endothelium development 0.02 PDE2A 

regulation of G protein-coupled receptor 

signaling pathway 
0.03 ARRB1 

regulation of protein localization 0.03 PDE2A; ARRB1 

negative regulation of protein modification 

process 
0.03 ARRB1 

negative regulation of transcription by 

RNA polymerase II 
0.03 NCK2; PDE2A 

regulation of binding 0.04 ARRB1 

peptide metabolic process 0.05 EIF4G2; 

response to abiotic stimulus 0.05 PDE2A; ARRB1 

ECM 

muscle system process <0.01  SGCD; GUCY1A1; CTTN 

regulation of postsynaptic membrane 

neurotransmitter receptor levels 
0.01 AP2M1 

transcription by RNA polymerase III 0.01 POLR3B 

interspecies interaction between organisms 0.01 GUCY1A1; MPO 

RNA modification 0.02 AP2M1; SGCD 

protein-containing complex localization 0.03 CCND1 

regeneration 0.03 GUCY1A1; MPO 

response to biotic stimulus 0.03 AP2M1 

localization within membrane 0.04 GUCY1A1; ELOVL5 

carbohydrate derivative biosynthetic 

process 
0.05 ELOVL5; ACSL1 

adaptive thermogenesis <0.01 CUBN; VCL 

MBW 

regulation of locomotion 0.02 VCL 

regulation of cellular component 

movement 
0.03 CUBN 

vitamin transport 0.04 CUBN 

tetrapyrrole metabolic process 0.04 VCL 

protein localization to cell surface 0.04 CUBN 

cofactor transport 0.05 VCL 

lamellipodium organization 0.01 KCNMA1 

RFI 

renal system process 0.01 KCNMA1; PPIF 

response to toxic substance 0.01 KCNMA1 

regulation of hormone levels 0.02 ITGB1 
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receptor metabolic process 0.03 KCNMA1; PPIF 

positive regulation of cell death 0.03 ATP2A1; KCNMA1; PPIF 

monovalent inorganic cation transport 0.05 KCNMA1; PPIF 

regulation of small molecule metabolic 

process 
0.05 KCNMA1 

regulation of body fluid levels 0.05 ITGB1 

import into cell <0.01 NXT1; PDE2A 

Cellular 

component 

ECM 

clathrin-coated pit 0.01 AP2M1; DNM2 

sarcoplasm 0.02  SGCD 

sarcolemma 0.04 SGCD; CCND1 

MBW 

vesicle membrane 0.01 CUBN 

endocytic vesicle 0.01 CUBN 

cytoplasmic vesicle part 0.03 CUBN 

transporter complex 0.03 CUBN 

clathrin-coated pit 0.04 CUBN 

cell junction 0.04 VCL 

RFI 
cell surface 0.05 ITGB1 

GABA-ergic synapse 0.05 KCNMA1 

Molecular 

function 

DMI 
GTPase binding <0.01 SRGAP3 

protein transporter activity 0.02 NXT1 

ECM 

nucleotidyltransferase activity 0.01 POLR3B 

tetrapyrrole binding 0.01 GUCY1A1; MPO 

antioxidant activity 0.04 MPO 

MBW channel regulator activity 0.01 CUBN 
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Table 4.4: List of significant (p-value <0.05) KEGG molecular pathways associated with dry 

matter intake (DMI), energy corrected milk (ECM), metabolic body weight (MBW), and residual 

feed intake (RFI) for functional candidate genes found before 60 days in milk (PRE60). 

Trait Molecular pathway description p-value Genes 

DMI 
Mucin type O-glycan biosynthesis 0.01 GALNT14 

GABAergic synapse 0.02 SLC6A1 

ECM 

Human papillomavirus infection 0.01 PPP2R5E; CREBBP 

Notch signaling pathway 0.02 CREBBP 

Adherens junction 0.03 CREBBP 

Long-term potentiation 0.03 CREBBP 

Renal cell carcinoma 0.03 CREBBP 

TGF-beta signaling pathway 0.04 CREBBP 

mRNA surveillance pathway 0.04 PPP2R5E 

Prostate cancer 0.04 CREBBP 

HIF-1 signaling pathway 0.05 CREBBP 

Glucagon signaling pathway 0.05 CREBBP 
Melanogenesis 0.05 CREBBP 

MBW 

Nicotine addiction <0.01 GABRB5 

GABAergic synapse <0.01 GABRB5 

Morphine addiction <0.01 GABRB5 

Retrograde endocannabinoid signaling <0.01 GABRB5 

Neuroactive ligand-receptor interaction <0.01 GABRB5 

Taste transduction 0.02 GABRA5 

RFI 
Non-homologous end-joining <0.01 LIG4 

Cortisol synthesis and secretion 0.02 PBX1 
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Table 4.5: List of significant (p-value <0.05) KEGG molecular pathways associated with dry 

matter intake (DMI), energy corrected milk (ECM), metabolic body weight (MBW), and residual 

feed intake (RFI) for functional candidate genes found after 60 days in milk (POST60). 

Trait Molecular pathway description p-value Genes 

DMI 

Morphine addiction <0.01 PDE2A; ARRB1 

RNA transport 0.01 NXT1; EIF4G2; 

cGMP-PKG signaling pathway 0.01 PDE2A; ARRB1 

Regulation of lipolysis in adipocytes 0.01 PDE2A 

Axon guidance 0.01 NCK2; ARRB1; SRGAP3 

Aldosterone synthesis and secretion 0.03 PDE2A* ARRB1 

Oocyte meiosis 0.04 PDE2A 

Vascular smooth muscle contraction 0.04 PDE2A 

 

ECM 

Wnt signaling pathway <0.01 CCND1 

Viral myocarditis <0.01 SGCD; CCND1 

Oxytocin signaling pathway <0.01 GUCY1A1; CCND1 

Purine metabolism 0.01 POLR3B; GUCY1A1 
RNA polymerase 0.01 POLR3B 

Pyrimidine metabolism 0.01 POLR3B 

AGE-RAGE signaling pathway in diabetic complications 0.01 CCND1 

Proteoglycans in cancer 0.01 CCND1; CTTN 

Fatty acid metabolism 0.02 ELOVL5 

Human T-cell leukemia virus 1 infection 0.03 CCND1 

Hepatitis B 0.03 CCND1 

Cushing syndrome 0.03 CCND1 

Synaptic vesicle cycle 0.03 AP2M1; DNM2 

cGMP-PKG signaling pathway 0.03 GUCY1A1 

Acute myeloid leukemia 0.03 CCND1; MPO 
Cytosolic DNA-sensing pathway 0.03 POLR3B 

Glioma 0.04 CCND1 

Bacterial invasion of epithelial cells 0.04 CTTN; DNM2 

p53 signaling pathway 0.04 CCND1 

Huntington disease 0.05 AP2M1 

MBW 

Bacterial invasion of epithelial cells <0.01 ARHGAP10; VCL 

Leukocyte transendothelial migration 0.01 CLDN23; VCL 

Cell adhesion molecules (CAMs) 0.02 CLDN23; VCL 

Vitamin digestion and absorption 0.03 CUBN 

RFI 

cGMP-PKG signaling pathway <0.01 PPIF; KCNMA1; ATP2A1 

Bacterial invasion of epithelial cells <0.01 ITGB1 

Pancreatic secretion 0.01 KCNMA1; ATP2A1 

Toxoplasmosis 0.01 PPIF; ITGB1 
Axon guidance 0.03 ITGB1 

Tight junction 0.03 ITGB1 

Calcium signaling pathway 0.03 PPIF; ATP2A1 

Rap1 signaling pathway 0.04 ITGB1 
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4.9 Figures 

 

Figure 4.1: Manhattan plots for a) dry matter intake (DMI), b) energy corrected milk (ECM), c) residual feed intake (RFI), and d) 

metabolic body weight (MBW), evaluated in the first stage of lactation (from 5 to 60 DIM). Significant SNP are marked in red.

a) b) 

c) d) 
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Figure 4.2: Manhattan plots for a) dry matter intake (DMI), b) energy corrected milk (ECM), c) residual feed intake (RFI), and d) 

metabolic body weight (MBW), evaluated in the second stage of lactation (from 61 to 305 DIM). Significant SNP are marked in red.

a) b) 

c) d) 
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Figure 4.3: SNP effects over a 305-day lactation for the significant SNP associated with the functional candidate genes that have a 

minor allele frequency > 0.05 found for dry matter intake (dotted line), energy corrected milk (large, dashed line), metabolic body 

weight (dot with dashed line) and residual feed intake (short, dashed line).
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4.10 Appendix III 

Table 4.6: Description of significant SNP and corresponding candidate genes associated with 

dry matter intake (DMI), energy corrected milk (ECM), metabolic body weight (MBW), and 

residual feed intake (RFI) for PRE60 (5 to 60 days in milk) 

Trait BTA Position (bp) p-value MAF 
SNP 

effects (kg) 

Candidate genes 

(within ± 50 Kb) 

DMI 

11 68,937,288 8.80x10-06 0.02 -6.43 GALNT14* 

11 68,967,387 6.87x10-06 0.02 -6.56 - 

13 3,406,423 1.06x10-05 0.04 4.22 - 

17 66,281,530 1.21x10-05 0.38 -1.76 
TPST2, CRYBB1, 

CRYBA4 

18 27,237,464 2.63x10-05 0.03 -4.98 - 

18 26,782,754 2.35x10-05 0.09 -2.83 - 
18 27,238,471 1.84x10-05 0.1 -2.76 - 

20 60,635,532 2.57x10-05 0.29 1.90 - 

20 55,836,515 1.96x10-05 0.38 -1.79 - 

20 60,885,944 1.38x10-05 0.4 -1.84 - 

20 60,779,668 1.03x10-05 0.4 -1.86 - 

20 55,841,783 8.21x10-06 0.32 -1.98 - 

20 55,813,529 7.91x10-06 0.32 -1.98 - 

20 60,626,250 6.09x10-06 0.34 1.94 - 

20 60,601,019 2.01x10-06 0.35 2.03 - 

21 63,139,074 2.78x10-05 0.04 4.27 - 

21 63,103,463 2.61x10-05 0.04 4.30 - 
21 62,853,759 2.42x10-05 0.04 4.16 - 

21 63,534,622 2.36x10-05 0.1 2.65 - 

21 63,554,086 1.52x10-05 0.04 4.02 - 

21 63,511,719 1.13x10-05 0.04 4.06 U6 

21 49,647,296 1.89x10-05 0.24 1.99 - 

21 49,672,396 1.95x10-05 0.24 1.99 - 

21 62,872,480 6.45x10-06 0.03 4.71 - 

21 55,577,518 1.01x10-05 0.44 1.76 - 

21 55,647,748 9.85x10-06 0.45 -1.77 - 

21 63,525,954 2.49x10-06 0.04 4.49 - 

22 55,105,364 3.02x10-05 0.02 -6.33 SLC6A1* 
27 24,367,965 2.12x10-05 0.12 -2.46 - 

ECM 

4 22,815,378 1.03x10-05 0.17 9.21 DGKB 

9 52,951,809 1.47x10-05 0.01 29.95 - 

10 75,749,970 1.44x10-05 0.28 -7.72 PPP2R5E* 

11 32,920,013 4.61x10-06 0.02 26.54 NRXN1 

11 60,606,319 1.81x10-05 0.1 11.58 COMMD1 

11 60,641,139 1.81x10-05 0.1 11.58 - 

21 53,880,408 2.65x10-05 0.05 -14.80 - 

23 23,127,170 1.02x10-05 0.01 -32.07 - 

23 23,167,169 1.02x10-05 0.01 -32.07 - 

25 3,109,373 2.26x10-05 0.02 -23.51 - 

25 3,134,493 1.24x10-05 0.01 -28.02 - 

25 3,145,572 9.21x10-06 0.02 -26.01 - 
25 3,109,895 9.14x10-06 0.02 -25.94 - 

25 2,949,495 7.61x10-06 0.01 -27.64 
CLUAP1, 

NLRC3, SLX4, 
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bta-mir-2383, 

DNASE1 

25 2,978,372 7.61x10-06 0.01 -27.64 TRAP1 

25 3,040,187 7.61x10-06 0.01 -27.64 CREBBP* 

25 3,067,431 7.61x10-06 0.01 -27.64 - 

25 3,093,145 7.61x10-06 0.01 -27.64 - 

27 7,753,790 1.89x10-05 0.06 -13.38 - 

27 7,737,536 7.74x10-06 0.09 -11.37 SPCS3 

27 7,715,912 6.94x10-06 0.07 -13.10 
WDR17, 

SPATA4, ASB5 

27 7,745,628 5.41x10-06 0.07 -12.97 - 

28 33,482,532 1.27x10-05 0.05 -15.66 DLG5 

28 33,508,024 9.36x10-06 0.05 -15.92 - 

29 25,506,514 2.12x10-05 0.37 6.91 - 

MBW 

4 110,012,275 1.32x10-05 0.02 -89.77 - 

4 110,555,970 1.07x10-05 0.02 -96.00 - 

4 110,465,652 1.02x10-05 0.02 -96.65 - 

4 110,491,965 1.02x10-05 0.02 -96.65 - 

4 110,529,106 9.74x10-06 0.02 -96.89 - 

4 110,788,149 3.78x10-06 0.02 -96.55 - 

4 110,707,997 3.12x10-07 0.02 -107.91 5S_rRNA 

13 64,826,764 2.08x10-05 0.27 -28.97 
ERGIC3, SPAG4, 

CPNE1, RBM12 

16 8,107,450 1.36x10-05 0.03 68.36 - 

16 78,334,910 2.09x10-05 0.09 -42.52 - 

16 78,219,171 2.33x10-05 0.18 -31.04 - 

16 78,390,656 1.61x10-05 0.09 -43.24 bta-mir-2285ay 

16 78,441,923 3.12x10-06 0.09 -45.62 - 

17 8,315,547 7.23x10-06 0.03 -77.95 - 

21 4,314,127 9.59x10-06 0.44 25.14 GABRA5* 

21 4,028,539 9.38x10-06 0.28 -27.92 GABRB3 

23 4,126,569 3.14x10-05 0.34 25.66 - 
23 4,170,035 3.13x10-05 0.34 25.64 - 

23 4,351,740 3.05x10-05 0.43 -24.57 - 

23 4,096,125 2.20x10-05 0.39 24.96 - 

23 4,092,156 2.37x10-05 0.37 25.24 - 

23 4,245,159 2.71x10-05 0.34 25.82 - 

23 4,403,116 1.94x10-05 0.41 25.30 - 

23 4,062,325 1.65x10-05 0.34 26.57 - 

23 4,218,472 1.04x10-05 0.34 27.09 - 

23 4,096,369 5.83x10-06 0.34 27.87 - 

23 4,214,171 1.96x10-06 0.37 28.80 - 

26 34,101,693 2.38x10-05 0.06 -51.29 HABP2, NRAP 
27 37,641,237 2.58x10-05 0.31 -26.25 - 

27 37,805,072 2.54x10-05 0.33 -25.98 
HGSNAT, 

INTS10 

27 37,809,665 9.21x10-06 0.31 -27.75 - 

RFI 

3 4,281,449 1.52x10-05 0.07 -0.78 PBX1* 

3 4,322,113 1.23x10-05 0.14 -0.59 - 

3 4,322,044 5.62x10-06 0.19 -0.54 - 

3 5,852,391 6.03x10-06 0.02 -1.45 - 

3 6,480,945 4.73x10-06 0.12 -0.66 - 

12 81,406,160 2.21x10-05 0.01 -1.60 - 

12 81,830,185 2.18x10-05 0.02 -1.48 - 
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12 82,521,306 1.58x10-05 0.04 -0.98 - 

12 81,727,513 1.30x10-05 0.02 -1.54 - 

12 82,509,780 1.27x10-05 0.03 -1.10 - 

12 83,755,502 6.03x10-06 0.01 -1.94 - 

12 83,699,069 4.55x10-06 0.01 -1.99 - 

12 83,555,232 3.56x10-06 0.01 -2.02 LIG4*, ABHD13 

12 83,624,866 3.56x10-06 0.01 -2.02 TNFSF13B 

12 83,651,734 3.56x10-06 0.01 -2.02 - 
12 84,117,273 2.12x10-06 0.01 -1.88 - 

12 84,035,032 2.02x10-06 0.01 -1.92 - 

12 83,900,717 1.25x10-06 0.01 -1.99 MYO16 

12 83,984,069 1.25x10-06 0.01 -1.99 - 

12 82,078,988 8.22x10-07 0.02 -1.69 - 

12 81,742,552 6.17x10-07 0.01 -2.02 - 

12 81,774,646 6.17x10-07 0.01 -2.02 - 

12 81,802,971 6.17x10-07 0.01 -2.02 - 

12 81,851,947 6.17x10-07 0.01 -2.02 - 

12 81,884,750 6.17x10-07 0.01 -2.02 - 

12 82,437,401 3.20x10-07 0.01 -1.99 - 

12 83,250,827 2.17x10-07 0.01 -2.08 FAM155A 
12 83,389,666 1.80x10-07 0.01 -2.09 - 

12 80,923,610 2.28x10-07 0.01 -2.12 - 

12 82,052,454 1.51x10-07 0.01 -1.97 - 

12 82,081,475 1.51x10-07 0.01 -1.97 - 

12 82,049,726 8.36x10-08 0.01 -2.14 - 

12 83,393,799 5.61x10-08 0.01 -2.32 - 

13 66,992,582 1.38x10-05 0.05 0.95 RPRD1B, TGM2 

24 23,015,622 2.95x10-05 0.39 -0.41 NOL4, 7SK 

24 8,907,803 1.30x10-05 0.37 -0.44 - 

27 36,634,454 3.01x10-05 0.44 0.40 - 

28 31,262,940 2.93x10-05 0.32 -0.43 - 

*indicates functional candidate genes
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Table 4.7: Description of significant SNP and corresponding candidate genes associated with 

dry matter intake (DMI), energy corrected milk (ECM), metabolic body weight (MBW), and 

residual feed intake (RFI) for POST60 (60 to 305 days in milk). 

Trait BTA Position (bp) p-value MAF 

SNP 

effects 

(kg) 

Candidate genes 

(within ± 50 Kb) 

DMI 

4 116,382,462 2.70x10-06 0.02 -6.44 DPP6 

10 95,466,231 5.01x10-07 0.01 -24.77 - 

11 74,306,974 1.72x10-05 0.01 -21.47 ADCY3 

11 87,842,871 1.80x10-05 0.01 -24.83 YWHAQ 

11 87,928,535 1.80x10-05 0.01 -24.83 ADAM17, IAH1 

11 87,229,224 1.43x10-05 0.01 -24.51 

ODC1, 

SNORA80B, 

HPCAL1 

11 74,316,179 1.81x10-05 0.05 -12.29 - 
11 45,900,475 1.22x10-05 0.11 -8.85 NCK2* 

11 74,339,377 3.09x10-06 0.02 -21.04 - 

11 87,124,372 2.23x10-06 0.02 -22.79 - 

11 74,264,721 2.54x10-06 0.05 -13.43 - 

11 74,705,685 1.09x10-06 0.02 -22.30 - 

11 72,686,840 4.24x10-07 0.01 -25.81 
MAPRE3, 

DPYSL5 

11 74,244,299 6.73x10-07 0.01 -24.59 
EFR3B, 

DNAJC27 

11 77,331,230 4.24x10-07 0.01 -29.16 - 

11 85,735,860 3.53x10-07 0.02 -24.13 - 
11 85,762,693 3.53x10-07 0.02 -24.13 - 

11 85,801,896 3.32x10-07 0.02 -24.28 - 

13 39,432,969 2.09x10-05 0.26 -6.06 RIN2 

13 39,540,499 1.36x10-05 0.30 -5.94 NAA20 

13 41,975,904 9.57x10-06 0.47 5.64 
bta-mir-2285cc, 

NXT1* 

13 42,003,017 9.57x10-06 0.47 5.64 GZF1, NAPB 

15 44,448,667 1.67x10-05 0.03 -15.30 - 

15 44,421,942 1.67x10-05 0.03 -15.26 - 

15 38,553,001 1.73x10-05 0.02 -16.78 SPON1 

15 44,145,152 1.87x10-05 0.03 -15.65 - 

15 44,174,179 1.34x10-05 0.03 -15.95 - 
15 39,996,878 1.01x10-05 0.02 -18.61 TEAD1 

15 44,301,209 9.90x10-06 0.03 -15.86 - 

15 44,340,445 9.77x10-06 0.02 -17.65 RIC3 

15 44,415,295 9.31x10-06 0.02 -17.74 TUB 

15 44,281,260 9.22x10-06 0.02 -17.49 bta-mir-2285bx 

15 44,220,948 9.01x10-06 0.02 -17.78 - 

15 44,523,050 9.01x10-06 0.02 -17.78 - 

15 44,551,934 9.01x10-06 0.02 -17.78 - 

15 44,602,099 9.01x10-06 0.02 -17.78 - 

15 44,176,293 8.88x10-06 0.02 -17.80 - 

15 44,694,630 8.57x10-06 0.02 -17.87 OR5P3 
15 44,150,183 8.34x10-06 0.02 -17.91 - 

15 44,538,075 7.55x10-06 0.03 -16.92 - 

15 44,669,595 7.93x10-06 0.02 -18.00 - 

15 44,123,266 7.77x10-06 0.02 -18.06 - 
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15 43,954,710 2.19x10-05 0.11 -8.64 TRIM66, STK33 

15 44,249,399 7.54x10-06 0.02 -17.65 LMO1 

15 44,013,366 6.69x10-06 0.02 -18.28 - 

15 44,042,022 6.69x10-06 0.02 -18.28 - 

15 44,074,850 6.69x10-06 0.02 -18.28 - 

15 43,677,201 5.64x10-06 0.03 -17.48 - 

15 54,471,916 1.41x10-05 0.27 -6.17 
SLCO2B1, 

TPBGL, ARRB1* 
15 54,513,380 1.41x10-05 0.24 -6.40 bta-mir-326 

15 42,091,506 4.56x10-06 0.03 -15.28 - 

15 41,189,256 2.68x10-06 0.02 -20.34 GALNT18 

15 41,216,311 2.68x10-06 0.02 -20.34 - 

15 52,080,913 6.87x10-06 0.05 -12.89 PDE2A* 

15 52,108,705 6.87x10-06 0.05 -12.89 - 

15 41,784,746 4.07x10-06 0.11 -9.53 - 

15 44,542,529 4.45x10-07 0.03 -17.92 - 

15 44,496,600 3.06x10-07 0.02 -19.84 EIF3F 

15 42,590,454 1.18x10-07 0.02 -21.73 - 

15 42,984,823 1.12x10-07 0.02 -22.30 SWAP70 

15 43,237,431 8.61x10-08 0.02 -20.71 - 
15 43,282,228 7.12x10-08 0.02 -20.90 - 

15 43,119,145 7.72x10-08 0.02 -22.81 
WEE1, 7SK, U6, 

ZNF143 

15 43,146,164 7.72x10-08 0.02 -22.81 IPO7 

15 43,175,903 7.72x10-08 0.02 -22.81 SNORA23 

15 42,636,899 6.22x10-08 0.02 -22.99 - 

15 43,213,351 5.81x10-08 0.02 -23.10 - 

15 42,748,965 4.92x10-08 0.02 -23.31 - 

15 43,274,579 4.66x10-08 0.02 -23.35 TMEM41B 

15 43,300,480 4.66x10-08 0.02 -23.35 - 

15 43,828,728 4.56x10-08 0.02 -23.43 
DENND2B, 
RPL27A 

15 43,608,616 4.40x10-08 0.02 -23.48 
NRIP3, U3, 

TMEM9B, ASCL3 

15 43,652,241 4.40x10-08 0.02 -23.48 
C15H11orf16, 

AKIP1 

15 43,523,345 3.57x10-08 0.02 -23.72 SCUBE2 

15 42,044,576 1.80x10-08 0.02 -23.32 - 

15 42,080,792 1.80x10-08 0.02 -23.32 LYVE1 

15 41,564,449 1.93x10-08 0.02 -21.85 - 

15 41,781,987 1.39x10-08 0.02 -23.77 ZBED5 

15 41,990,624 1.24x10-08 0.02 -23.73 - 

15 42,228,441 9.82x10-09 0.02 -24.35 
bta-mir-2315, 
AMPD3 

15 42,472,875 3.35x10-09 0.02 -27.76 SBF2 

15 41,596,914 6.60x10-09 0.02 -24.80 - 

15 41,753,394 6.60x10-09 0.02 -24.80 - 

15 41,821,418 6.60x10-09 0.02 -24.80 EIF4G2* 

15 41,850,912 6.60x10-09 0.02 -24.80 SNORD97, CTR9 

15 41,895,418 6.60x10-09 0.02 -24.80 - 

15 41,925,480 5.65x10-09 0.02 -24.72 MRVI1 

15 42,278,026 4.42x10-09 0.02 -25.23 - 

15 42,331,946 2.23x10-11 0.01 -34.10 
ADM, bta-mir-

6518 
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18 65,458,253 1.92x10-05 0.31 -5.68 

5S_rRNA, 

ZNF606, ZNF329, 

ZNF135 

22 17,301,994 2.77x10-05 0.01 -21.55 SRGAP3* 

22 16,317,345 2.05x10-05 0.02 -20.36 - 

22 3,973,179 2.25x10-05 0.01 -21.84 RBMS3 

22 25,263,208 1.83x10-05 0.01 -22.91 CNTN6 

22 17,811,312 2.74x10-05 0.12 -7.62 SSUH2 
22 16,349,909 1.25x10-05 0.01 -21.15 ZKSCAN7 

22 17,582,321 1.18x10-05 0.01 -22.38 - 

22 17,610,673 1.18x10-05 0.01 -22.38 - 

22 15,574,522 2.31x10-05 0.21 -6.37 - 

22 15,666,001 1.54x10-05 0.06 -10.59 - 

22 15,872,758 8.46x10-06 0.01 -24.16 - 

22 15,588,246 1.92x10-05 0.25 -6.07 - 

22 15,527,995 1.86x10-05 0.25 -6.09 - 

22 15,841,954 4.35x10-06 0.02 -20.27 - 

22 17,801,392 3.78x10-06 0.01 -24.56 - 

22 17,705,182 2.82x10-06 0.01 -25.03 - 

22 17,736,035 2.82x10-06 0.01 -25.03 OXTR 
22 17,762,188 2.82x10-06 0.01 -25.03 CAV3 

22 15,626,403 8.61x10-06 0.21 -6.76 - 

22 15,773,825 1.98x10-06 0.01 -23.54 - 

22 15,621,093 5.32x10-06 0.23 -6.57 - 

22 12,799,544 2.06x10-06 0.01 -27.04 MOBP 

22 16,056,356 2.08x10-06 0.01 -26.71 - 

22 16,081,557 2.08x10-06 0.01 -26.71 - 

22 17,645,293 1.55x10-06 0.01 -23.36 - 

22 15,467,414 1.18x10-06 0.01 -24.51 - 

22 15,494,193 1.18x10-06 0.01 -24.51 SNORD36 

22 15,529,983 1.18x10-06 0.01 -24.51 - 
22 15,892,453 1.28x10-06 0.01 -28.01 - 

22 15,582,662 3.43x10-06 0.20 -7.15 - 

22 17,535,811 1.01x10-06 0.01 -25.51 RAD18 

22 16,200,443 8.70x10-07 0.01 -28.47 - 

22 16,232,689 8.70x10-07 0.01 -28.47 TCAIM 

22 15,566,952 6.14x10-07 0.01 -25.51 - 

22 16,674,186 7.79x10-07 0.01 -28.77 IRAK2, VHL 

22 16,263,518 7.65x10-07 0.01 -28.81 - 

22 16,289,124 7.65x10-07 0.01 -28.81 ZNF445 

22 16,320,122 7.65x10-07 0.01 -28.81 - 

22 16,385,749 7.65x10-07 0.01 -28.81 ZNF660, ZNF197 

22 16,173,555 7.23x10-07 0.01 -28.88 TOPAZ1 
22 16,115,604 6.33x10-07 0.01 -29.24 - 

22 16,147,689 6.33x10-07 0.01 -29.24 - 

22 16,234,969 2.67x10-07 0.01 -27.44 - 

22 16,049,228 1.18x10-07 0.02 -20.67 bta-mir-138-1 

22 15,735,537 8.18x10-08 0.01 -29.74 - 

22 15,705,128 4.72x10-08 0.01 -30.62 - 

22 12,950,053 2.66x10-08 0.01 -31.75 MYRIP 

22 15,522,493 2.32x10-08 0.01 -31.16 - 

22 15,072,824 1.13x10-08 0.01 -32.23 
GASK1A, 

POMGNT2 

22 15,103,723 1.13x10-08 0.01 -32.23 - 
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22 15,460,763 1.13x10-08 0.01 -32.23 ANO10 

22 15,564,362 1.13x10-08 0.01 -32.23 ABHD5 

22 15,629,694 1.13x10-08 0.01 -32.23 - 

22 15,805,158 8.75x10-09 0.01 -32.69 - 

25 6,837,614 2.31x10-05 0.38 5.47 - 

29 20,446,634 2.71x10-05 0.06 -11.24 - 

29 11,606,652 1.77x10-05 0.15 -7.45 DLG2 

29 11,040,118 1.04x10-05 0.06 -11.09 - 
29 15,904,704 1.30x10-05 0.38 5.68 - 

29 11,619,891 5.53x10-06 0.11 -8.89 - 

29 11,015,592 1.63x10-06 0.10 -9.70 - 

ECM 

1 59,187,435 1.32x10-06 0.01 154.69 - 

1 82,704,149 4.74x10-06 0.01 138.36 - 

1 82,956,709 5.31x10-06 0.01 136.90 

ECE2, 

CAMK2N2, 

ALG3, VWA5B2, 

bta-mir-1224, 

ABCF3, AP2M1*, 

DVL3, EIF2B5 

1 82,260,377 5.65x10-06 0.01 135.69 VPS8, U6 

1 88239984 7.37x10-06 0.01 138.97 KCNMB2 

2 45921896 1.31x10-05 0.02 

-

110.88 
- 

4 56159342 1.45x10-05 0.02 

-

113.81 
ZNF277, DOCK4 

5 43399634 1.70x10-08 0.02 133.88 - 

5 68090698 1.74x10-08 0.01 187.53 CHST11 

5 107509423 6.56x10-06 0.01 147.77 

5S_rRNA, bta-

mir-2437, NINJ2 

5 69788184 7.93x10-06 0.01 129.66 POLR3B* 

5 101221142 1.43x10-05 0.02 108.02 

MFAP5, AICDA, 

APOBEC1 
6 11737765 9.38x10-07 0.01 145.01 - 

6 11504776 1.47x10-06 0.02 129.35 - 

6 17869708 7.28x10-06 0.04 76.20 - 

7 82815893 2.58x10-08 0.01 152.08 - 

7 67635449 3.27x10-08 0.01 176.17 - 

7 104445892 4.90x10-08 0.02 135.68 - 

7 104008385 8.74x10-08 0.02 138.49 - 

7 104624896 8.87x10-08 0.02 138.85 - 

7 104176385 1.14x10-07 0.02 132.81 - 

7 104068058 5.25x10-07 0.02 119.95 - 

7 103477017 1.15x10-06 0.02 112.15 - 
7 67761739 1.17x10-06 0.01 140.89 - 

7 103088871 1.55x10-06 0.02 107.79 - 

7 104175934 1.97x10-06 0.02 107.38 - 

7 103505491 3.14x10-06 0.04 80.39 - 

7 103193671 3.45x10-06 0.04 79.52 - 

7 104631188 5.34x10-06 0.04 76.14 - 

7 67613529 6.28x10-06 0.01 124.36 - 

7 15289829 1.75x10-05 0.01 115.17 

DNM2*, bta-mir-

3604-1, TMED1, 

C7H19orf38, 

CARM1, SGCD* 
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12 32682690 9.75x10-08 0.02 

-

136.90 
USP12 

12 32735217 3.57x10-07 0.01 

-

151.90 
- 

13 9892565 9.62x10-06 0.02 94.45 MACROD2 

13 9922549 1.55x10-05 0.04 72.71 - 

14 64728981 2.24x10-05 0.02 107.09 VPS13B 

15 5444118 1.14x10-05 0.03 86.43 DCUN1D5 

17 23377147 1.48x10-06 0.01 

-

153.50 
- 

17 19658697 4.91x10-06 0.04 80.56 - 

17 43694047 2.07x10-05 0.01 123.00 GUCY1A1* 

17 44323741 2.07x10-05 0.01 123.00 ANHX 

17 44765064 2.07x10-05 0.01 123.00 - 

17 21356831 2.07x10-05 0.01 

-

135.82 
- 

17 45106587 2.28x10-05 0.01 121.16 

EP400, 

SNORA49, bta-

mir-6520 

19 7326050 8.80x10-06 0.07 -58.35 ANKFN1 
19 16478929 1.11x10-05 0.03 -81.57 - 

19 17239994 1.43x10-05 0.03 -84.63 

SPACA3, 

TMEM98 

19 16920368 1.69x10-05 0.03 -83.50 - 

19 9244699 2.18x10-05 0.03 -85.69 

LPO, MPO*, 

TSPOAP1 

19 16478871 2.24x10-05 0.03 -84.57 ASIC2 

21 62245648 2.32x10-05 0.01 133.15 - 

23 25390231 1.29x10-09 0.01 165.81 - 

23 25353653 7.93x10-08 0.02 133.04 ELOVL5* 

23 25383098 2.29x10-07 0.02 109.75 - 
23 24294801 1.55x10-05 0.05 73.95 PKHD1 

23 25444711 2.84x10-06 0.01 150.07 - 

23 25366345 3.26x10-06 0.01 148.22 - 

23 25335888 5.36x10-06 0.01 131.81 FBXO9, GCM1 

24 788211 1.02x10-09 0.01 195.23 NFATC1 

24 540641 2.57x10-09 0.01 193.37 

RBFA, TXNL4A, 

SLC66A2 

25 14676108 1.75x10-05 0.03 89.82 - 

25 14416870 2.30x10-05 0.03 89.53 ABCC1 

25 10914630 2.87x10-05 0.03 85.42 SNX29 

25 14535183 3.79x10-05 0.03 82.70 ABCC6 

27 14668124 1.15x10-05 0.02 103.15 STOX2, ENPP6 
27 12764740 2.24x10-05 0.02 95.80 - 

27 12190463 2.30x10-05 0.02 96.19 - 

27 13106685 2.32x10-05 0.02 95.61 - 

27 15075835 2.37x10-05 0.02 98.96 

CASP3, 

PRIMPOL, 

ACSL1*, CENPU 

27 12631429 2.78x10-05 0.03 86.95 - 

27 12480726 2.86x10-05 0.02 93.62 - 

28 37761327 8.64x10-07 0.03 106.63 NRG3 

29 47529660 2.69x10-06 0.02 

-

102.44 

PPFIA1, CTTN*, 

SHANK2 
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29 47229995 4.34x10-06 0.02 

-

100.16 
- 

29 47588132 5.41x10-06 0.03 -92.66 - 

29 46912351 1.63x10-05 0.02 -91.91 

LTO1, CCND1*, 

FGF19 

29 47204817 2.53x10-05 0.03 -85.30 - 

29 34345054 3.29x10-05 0.01 116.66 OPCML 

MBW 

2 125,616,899 1.02x10-05 0.08 
-

230.34 

STX12, FAM76A, 

IFI6 

3 37,039,972 1.56x10-05 0.07 
-

234.93 
- 

3 37,072,078 1.56x10-05 0.07 
-

234.93 
- 

3 37,178,207 1.34x10-05 0.08 
-

234.33 
- 

3 52,309,879 3.11x10-06 0.01 
-

568.49 
ZNF644 

3 52,349,936 3.11x10-06 0.01 
-

568.49 
bta-mir-2285b-2 

3 52,375,406 3.11x10-06 0.01 
-

568.49 
- 

3 36,805,102 6.69x10-06 0.08 
-

235.25 
- 

3 52,416,982 7.22x10-08 0.01 
-

696.65 
- 

9 49,396,142 1.13x10-05 0.06 255.72 ASCC3 

11 78,016,009 8.52x10-06 0.16 
-

171.90 
- 

13 72,113,772 2.12x10-05 0.04 
-

318.12 
SRSF6, SGK2 

13 31,493,204 1.50x10-05 0.45 126.81 CUBN* 

17 64,280,885 1.26x10-05 0.35 128.04 TMEM119 
17 10,168,836 2.01x10-05 0.46 123.46 ARHGAP10* 

17 64,259,470 1.06x10-05 0.23 147.31 
CORO1C, 

SELPLG 

17 64,025,370 1.30x10-05 0.10 209.95 - 

17 64,023,151 5.36x10-06 0.08 240.71 

ACACB, 

ALKBH2, USP30, 

SVOP 

17 64,540,399 2.95x10-06 0.18 172.49 CMKLR1 

20 1,951,365 2.55x10-05 0.19 
-

153.69 
DOCK2 

20 29,337,718 6.10x10-06 0.16 
-

174.23 
HCN1 

21 51,803,826 2.49x10-05 0.02 
-

395.95 
- 

21 51,789,947 1.43x10-05 0.01 
-

491.10 
- 

26 10,008,537 3.51x10-05 0.02 452.85 RNLS 

26 10,010,467 7.50x10-06 0.01 552.52 - 

27 24,659,058 8.80x10-06 0.48 
-

124.52 
- 

27 26,650,628 1.64x10-05 0.16 
-

171.17 
RBPMS 
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27 24,662,953 7.19x10-06 0.46 126.53 - 

27 24,633,634 5.66x10-06 0.51 127.15 - 

27 24,698,705 2.39x10-06 0.33 
-

142.31 
- 

27 24,629,118 7.06x10-07 0.45 140.02 - 

27 24,646,062 7.96x10-07 0.36 
-

146.02 
- 

27 24,694,415 4.67x10-07 0.35 
-

150.36 
CLDN23* 

28 29,823,835 1.14x10-05 0.03 
-

370.38 
PLAU 

28 29,933,474 2.06x10-06 0.04 
-

337.53 
VCL* 

RFI 

6 8,915,246 1.07x10-05 0.01 1.72 - 

7 15,222,200 1.26x10-05 0.01 -1.55 - 

7 15,181,819 1.01x10-05 0.01 -1.57 
ILF3, QTRT1, 

DNM2 

7 15,402,942 1.01x10-05 0.01 -1.57 

CARM1, YIPF2, 

TIMM29, 

SMARCA4 

7 33,839,632 1.55x10-05 0.02 1.25 - 
7 33,915,625 1.91x10-06 0.02 1.42 - 

7 33,731,732 1.28x10-05 0.24 0.46 - 

8 49,153,787 7.70x10-06 0.16 0.54 ALDH1A1 

10 52,637,624 1.26x10-05 0.03 1.04 
POLR2M, 

MYZAP 

10 55,421,120 1.24x10-06 0.01 1.68 - 

10 52,876,655 5.86x10-07 0.02 1.57 CGNL1 

13 19,921,673 1.45x10-05 0.22 -0.45 ITGB1* 

13 20,828,958 1.45x10-05 0.27 -0.42 - 

13 20,725,376 1.88x10-05 0.27 -0.42 - 

13 20,046,643 1.99x10-05 0.16 -0.52 - 
13 20,115,620 1.99x10-05 0.16 -0.52 - 

13 20,152,816 1.99x10-05 0.16 -0.52 - 

13 20,180,539 1.99x10-05 0.16 -0.52 - 

13 20,206,051 1.99x10-05 0.16 -0.52 - 

13 19,994,311 1.95x10-05 0.16 -0.52 - 

13 20,019,313 1.95x10-05 0.16 -0.52 - 

13 20,087,319 1.95x10-05 0.16 -0.52 - 

13 20,244,739 1.93x10-05 0.16 -0.52 - 

13 20,329,879 1.93x10-05 0.16 -0.52 - 

13 20,360,090 1.93x10-05 0.16 -0.52 - 

13 20,289,312 1.83x10-05 0.16 -0.52 ARL5B 
13 19,847,103 1.88x10-05 0.26 -0.44 - 

13 19,946,223 1.43x10-05 0.15 -0.53 - 

13 19,690,574 1.11x10-05 0.15 -0.54 - 

13 19,660,337 1.10x10-05 0.15 -0.54 NRP1 

13 19,993,642 6.01x10-06 0.19 -0.50 - 

14 28,534,699 2.06x10-05 0.13 -0.54 - 

14 28,605,164 2.00x10-05 0.13 -0.54 - 

14 28,578,865 1.95x10-05 0.13 -0.54 - 

14 33,603,066 2.03x10-05 0.14 -0.53 SLCO5A1 

14 28,600,520 1.39x10-05 0.31 -0.41 - 

21 53,681,854 2.58x10-05 0.04 -0.88 - 
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21 42,242,246 1.88x10-05 0.02 -1.29 - 

21 42,207,737 1.30x10-05 0.02 -1.32 NUBPL 

21 50,921,659 7.24x10-06 0.02 -1.26 - 

21 50,946,826 7.24x10-06 0.02 -1.26 - 

21 51,334,636 4.49x10-06 0.02 -1.27 LRFN5 

23 36,738,513 2.75x10-05 0.10 0.58 CDKAL1 

23 23,447,441 1.84x10-05 0.04 0.91 TFAP2B 

23 37,071,004 5.95x10-06 0.06 0.81 - 
24 8,174,544 2.49x10-05 0.06 0.76 - 

24 5,625,948 2.01x10-05 0.12 0.56 - 

24 8,165,206 1.85x10-05 0.10 0.62 CCDC102B 

24 1,257,198 7.57x10-06 0.02 1.26 - 

25 25,900,961 1.02x10-05 0.01 -1.73 

LAT, SPNS1, 

NFATC2IP, 

CD19, RABEP2, 

ATP2A1*, SH2B1 

25 17,583,736 7.63x10-06 0.02 -1.21 - 

27 10,880,961 3.60x10-05 0.21 0.44 - 

28 13,111,842 3.96x10-05 0.04 -0.87 ZNF248 

28 13,061,867 1.66x10-05 0.05 -0.81 ZNF25 
28 34,963,366 3.96x10-05 0.47 0.36 - 

28 33,057,758 2.85x10-05 0.16 -0.49 - 

28 33,054,113 3.31x10-05 0.24 -0.43 - 

28 34,950,186 3.53x10-05 0.44 0.37 
ZMIZ1, PPIF*, 

ZCCHC24 

28 36,932,668 1.49x10-05 0.09 -0.65 NRG3 

28 40,869,220 2.46x10-05 0.50 0.38 GRID1 

28 32,960,223 7.80x10-06 0.22 -0.47 KCNMA1* 

28 36,136,541 8.52x10-06 0.16 0.53 - 

28 35,763,217 3.96x10-06 0.24 -0.48 
DYDC1, DYDC2, 

PRXL2A 
29 43,647,091 2.61x10-05 0.01 1.64 FRMD8 

*indicates functional candidate genes
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Table 4.8: List of significant (p-value <0.05) gene ontology (GO) terms associated with 

biological processes, molecular functions and cellular components for dry matter intake (DMI), 

energy corrected milk (ECM), metabolic body weight (MBW) and residual feed intake (RFI) 

before 60 days in milk (PRE60). 

GO category Trait GO term p-value Genes 

Biological 

processes 

ECM 

cell activation 0.01 
NLRC3; 

DNASE1; DLG5 

regulation of DNA-binding transcription factor 

activity 
0.01 

COMMD1; 

NLRC3 

negative regulation of intracellular signal 

transduction 
0.02 NLRC3; DLG5 

regulation of defense response 0.02 NLRC3; DNASE1 

protein localization to cell surface 0.03 COMMD1 

inflammatory response 0.03 NLRC3; DNASE1 

regulation of response to external stimulus 0.03 NLRC3; DNASE1 

regulation of catabolic process 0.05 COMMD1; ASB5 

MBW 

vesicle-mediated transport between endosomal 
compartments 

0.01 HOOK3 

multicellular organismal response to stress 0.01 GABRA5* 

mechanoreceptor differentiation 0.02 GABRA5* 

nerve development 0.02 GABRA5* 

cytoskeleton-dependent intracellular transport 0.04 HOOK3 

neural precursor cell proliferation 0.04 HOOK3 

maintenance of cell number 0.04 HOOK3 

vacuolar transport 0.04 HOOK3 

cytosolic transport 0.04 HOOK3 

RFI 

positive regulation of cell proliferation <0.01 
PBX1; LIG4; 

RPRD1B 

regulation of cell cycle process 0.01 PBX1; RPRD1B 

embryo development ending in birth or egg 
hatching 

0.01 PBX1*; LIG4* 

regulation of nervous system development 0.02 PBX1*; LIG4* 

regulation of cell development 0.02 PBX1*; LIG4* 

fibroblast proliferation 0.02 LIG4* 

immune system development 0.02 PBX1*; LIG4* 

macromolecule deacylation 0.03 ABHD13 

endocrine system development 0.04 PBX1* 

maintenance of cell number 0.04 LIG4* 

appendage development 0.05 PBX1* 

lipoprotein metabolic process 0.05 ABHD13 

Cellular 

component 

DMI 
Golgi apparatus part 0.01 

GALNT14*; 

TPST2 

ECM 

cilium 0.01 
CLUAP1; 
SPATA4; DLG5 

microtubule organizing center 0.01 
CLUAP1; 

NLRC3; DLG5 

phosphatase complex 0.04 PPP2R5E* 

MBW 

Golgi apparatus part 0.02 ERGIC3; HOOK3 

tethering complex 0.02 HOOK3 

endoplasmic reticulum-Golgi intermediate 

compartment 
0.03 ERGIC3 

RFI DNA repair complex 0.02 LIG4* 
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Molecular 

function 

DMI 

neurotransmitter transporter activity 0.02 SLC6A1* 

neurotransmitter binding 0.02 SLC6A1* 

structural molecule activity 0.02 
CRYBB1; 

CRYBA4 

transferase activity; transferring sulfur-containing 

groups 
0.03 TPST2 

ECM 

beta-catenin binding 0.02 DLG5 

p53 binding 0.02 CREBBP* 

damaged DNA binding 0.03 CREBBP* 

phosphatase regulator activity 0.03 PPP2R5E* 
copper ion binding 0.03 COMMD1 

cytoskeletal protein binding 0.04 DNASE1; DLG5 

MBW 
neurotransmitter receptor activity 0.03 GABRA5* 

serine hydrolase activity 0.05 HABP2 

RFI 

basal transcription machinery binding 0.02 RPRD1B 

RNA polymerase binding 0.03 RPRD1B 

cell activation 0.01 
NLRC3; 

DNASE1; DLG5 

*indicates functional candidate genes
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Table 4.9: List of significant (p-value <0.05) gene ontology (GO) terms associated with 

biological processes, molecular functions and cellular components for dry matter intake (DMI), 

energy corrected milk (ECM), metabolic body weight (MBW) and residual feed intake (RFI) 

after 60 days in milk (POST60). 

GO 

category 
Trait GO term 

p-

value 
Genes 

Biological 
processes 

DMI 

nuclear transport <0.01 
DNAJC27; NXT1*; IPO7; 

PDE2A*; VHL 

protein import <0.01 
NXT1*; IPO7; PDE2A*; 

VHL 

protein localization to organelle 0.01 
MAPRE3; NXT1*; IPO7; 

TUB; PDE2A*; VHL 

regulation of cellular amide metabolic process 0.01 
NCK2*; SPON1; EIF4G2*; 

RBMS3 

regulation of DNA-templated transcription in 

response to stress 
0.01 NCK2*; VHL 

receptor metabolic process 0.01 ADM; ARRB1*; CAV3 

morphogenesis of a branching structure 0.01 ADM; GZF1; CAV3 

circulatory system process 0.01 
ARRB1*; PDE2A*; OXTR; 

CAV3 

regulation of anatomical structure size 0.02 
ARRB1*; SWAP70; OXTR; 

CAV3 

regulation of cellular localization 0.02 
NXT1*; NAPB; PDE2A*; 

ARRB1*; VHL 

endothelium development 0.02 PDE2A*; VHL 

neutral lipid metabolic process 0.03 ABHD5; CAV3 

regulation of G protein-coupled receptor 

signaling pathway 
0.03 ADM; ARRB1*; CAV3 

regulation of protein localization 0.03 
DNAJC27; SWAP70; 

PDE2A*; ARRB1*; VHL 

negative regulation of protein modification 

process 
0.03 

NCK2*; SWAP70; ARRB*1; 

VHL 

negative regulation of transcription by RNA 

polymerase II 
0.03 

NCK2*; ADM; LMO1; 

PDE2A*; VHL 

lipid homeostasis 0.03 ABHD5; CAV3 

regulation of binding 0.04 MAPRE3; SPON1; ARRB1* 

anatomical structure homeostasis 0.04 TUB; VHL; CAV3 

peptide metabolic process 0.05 
NCK2*; SPON1; EIF4G2*; 

RPL27A; RBMS3 

response to abiotic stimulus 0.05 
PDE2A*; ARRB1*; VHL; 

RAD18; CAV3 

ECM 

muscle system process 
<0.01 

SGCD; GUCY1A1*; 

P2RX2; CTTN* 

regulation of postsynaptic membrane 

neurotransmitter receptor levels 
0.01 

AP2M1*; DNM2* 

demethylation 0.01 AICDA; APOBEC1 

transcription by RNA polymerase III 0.01 POLR3B* 

interspecies interaction between organisms 
0.01 

AICDA; GUCY1A1*,; 

MPO* 

RNA modification 0.02 AICDA; APOBEC1; PUS1 

protein-containing complex localization 0.02 AP2M1*; DNM2*; SGCD* 
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pyrimidine-containing compound metabolic 

process 
0.02 

AICDA; APOBEC1 

regeneration 0.03 NINJ2; CCND1* 

response to biotic stimulus 
0.03 

AICDA; GUCY1A1*; LPO; 

MPO*; SPACA3; IRF2 

localization within membrane 0.03 AP2M1; DNM2* 

carbohydrate derivative biosynthetic process 
0.04 

ALG3; CHST11; 

GUCY1A1*; GALNT9; 
ELOVL5* 

response to carbohydrate 0.04 P2RX2; ANO1 

adaptive thermogenesis 0.05 ELOVL5*; ACSL1 

MBW 

regulation of locomotion 
<0.01 

CUBN*; CMKLR1; PLAU; 

VCL* 

regulation of cellular component movement 0.02 CMKLR1; PLAU; VCL* 

negative regulation of cell death 0.03 IFI6; SRSF6; ARHGAP10* 

response to wounding 0.03 SRSF6; PLAU 

regulation of membrane potential 0.03 IFI6; HCN1 

vitamin transport 0.03 CUBN* 

tetrapyrrole metabolic process 0.04 CUBN* 

photoreceptor cell differentiation 0.04 HCN1 

protein localization to cell surface 0.04 VCL* 
cofactor transport 0.04 CUBN* 

demethylation 0.04 ALKBH2 

muscle cell migration 0.04 PLAU 

cell adhesion mediated by integrin 0.04 PLAU 

lamellipodium organization 0.05 VCL* 

RFI 

renal system process 0.01 TFAP2B; KCNMA1* 

response to toxic substance 
0.01 

KCNMA1*; PPIF*; 

PRXL2A 

regulation of hormone levels 
0.01 

ALDH1A1; TFAP2B; 

KCNMA1* 

regulation of synapse structure or activity 0.02 DNM2; LRFN5 

protein alkylation 0.02 DYDC1; DYDC2 
receptor metabolic process 0.02 DYDC2; ITGB1* 

positive regulation of cell death 
0.03 

TFAP2B; KCNMA1*; 

PPIF* 

monovalent inorganic cation transport 
0.03 

ATP2A1; KCNMA1*; 

PPIF* 

regulation of small molecule metabolic process 0.05 KCNMA1*; PPIF* 

regulation of body fluid levels 0.05 TFAP2B; KCNMA1* 

import into cell 0.05 DYDC2; ITGB1*; RABEP2 

Cellular 

component 

ECM 

clathrin-coated pit 0.01 AP2M1*; DNM2* 

sarcoplasm 0.02 SGCD* 

anchored component of membrane 0.04 ENPP6; OPCML 

sarcolemma 0.04 SGCD*; CASP3; CCND1* 

MBW 

vesicle membrane 0.01 STX12; CUBN*; SVOP 
endocytic vesicle 0.01 STX12; CUBN* 

cytoplasmic vesicle part 0.03 STX12; CUBN*; SVOP 

transporter complex 0.03 CUBN*; HCN1 

clathrin-coated pit 0.04 CUBN* 

cell junction 0.04 SVOP; CLDN23*; VCL* 

transport vesicle 0.04 STX12; SVOP 

RFI 
cell surface 0.05 ITGB1*; LRFN5 

GABA-ergic synapse 0.05 LRFN5; KCNMA1* 
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Molecular 

function 

DMI 
GTPase binding 

<0.01 
SBF2; IPO7; DENND2B; 

MOBP; SRGAP3* 

protein transporter activity 0.02 NXT1*; IPO7 

protein C-terminus binding 0.05 MAPRE3; CAV3 

ECM 

nucleotidyltransferase activity 0.01 POLR3B* 

tetrapyrrole binding 0.01 GUCY1A1*; LPO; MPO* 

antioxidant activity 0.04 LPO; MPO* 

MBW 

channel regulator activity 0.01 CUBN*; SGK2 

catalytic activity; acting on DNA 0.01 ASCC3; ALKBH2 

pre-mRNA binding 0.03 SRSF6 

cyclic nucleotide binding 0.03 HCN1 
SNAP receptor activity 0.03 STX12 

RFI 

metal cluster binding <0.01 NUBPL; CDKAL1 

cofactor binding 
0.03 

ALDH1A1; NUBPL; 

CDKAL1 

cysteine-type endopeptidase regulator activity 

involved in apoptotic process 
0.05 TFAP2B 

*indicates functional candidate genes



 

 

129 

 

Table 4.10: List of significant (p-value <0.05) KEEG molecular pathways associated with dry 

matter intake (DMI), energy corrected milk (ECM), metabolic body weight (MBW) and residual 

feed intake (RFI) before 60 days in milk (POST60). 

Trait Molecular pathway description p-value Genes 

DMI 
Mucin type O-glycan biosynthesis 0.01 GALNT14* 

GABAergic synapse 0.02 SLC6A1* 

ECM 

Human papillomavirus infection 0.01 PPP2R5E*; CREBBP* 

Notch signaling pathway 0.02 CREBBP* 

Fanconi anemia pathway 0.02 SLX4 

Glycerolipid metabolism 0.03 DGKB 

Adherens junction 0.03 CREBBP* 

Long-term potentiation 0.03 CREBBP* 

Renal cell carcinoma 0.03 CREBBP* 

TGF-beta signaling pathway 0.04 CREBBP* 

mRNA surveillance pathway 0.04 PPP2R5E*  

Prostate cancer 0.04 CREBBP* 
HIF-1 signaling pathway 0.05 CREBBP* 

Phosphatidylinositol signaling system 0.05 DGKB 

Glucagon signaling pathway 0.05 CREBBP* 

Choline metabolism in cancer 0.05 DGKB 

Melanogenesis 0.05 CREBBP* 

Glycerophospholipid metabolism 0.05 DGKB 

MBW 

Nicotine addiction <0.01 GABRB3; GABRB5* 

GABAergic synapse <0.01 GABRB3; GABRB5* 

Morphine addiction <0.01 GABRB3; GABRB5* 

Retrograde endocannabinoid signaling <0.01 GABRB3; GABRB5* 

Neuroactive ligand-receptor interaction <0.01 GABRB3; GABRB5* 

Taste transduction 0.02 GABRA5* 
Serotonergic synapse 0.03 GABRB3 

RFI 
Non-homologous end-joining <0.01 LIG4* 

Cortisol synthesis and secretion 0.02 PBX1* 

*indicates functional candidate genes
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Table 4.11: List of significant (p-value <0.05) KEEG molecular pathways associated with dry 

matter intake (DMI), energy corrected milk (ECM), metabolic body weight (MBW) and residual 

feed intake (RFI) before 60 days in milk (POST60). 

Trait Molecular pathway description 

p-

value Genes 

DMI 

Morphine addiction <0.01 ADCY3; PDE2A*; ARRB1* 

RNA transport 0.01 NXT1*; EIF4G2*; EIF3F 

cGMP-PKG signaling pathway 0.01 ADCY3; PDE2A*; ARRB1* 

Regulation of lipolysis in adipocytes 0.01 PDE2A*; ABHD5 

Axon guidance 0.01 NCK2*; ARRB1*; SRGAP3* 

Aldosterone synthesis and secretion 0.03 PDE2A*; ARRB1* 

Oocyte meiosis 0.04 PDE2A*; YWHAQ 

Vascular smooth muscle contraction 0.04 PDE2A*; MRVI1 

Cell cycle 0.04 YWHAQ; WEE1 

ECM 

Wnt signaling pathway <0.01 DVL3; NFATC1; CCND1* 

Viral myocarditis <0.01 SGCD*; CASP3; CCND1* 
Oxytocin signaling pathway <0.01 GUCY1A1*; NFATC1; CCND1* 

Purine metabolism 0.01 POLR3B*; GUCY1A1*; POLE 

RNA polymerase 0.01 POLR3B* 

Pyrimidine metabolism 0.01 POLR3B*; POLE 

AGE-RAGE signaling pathway in diabetic complications 0.01 NFATC1; CASP3; CCND1* 

Proteoglycans in cancer 0.01 CASP3; CCND1*; CTTN* 

Endocrine and other factor-regulated calcium 

reabsorption 0.01 AP2M1;DNM2 

Fatty acid metabolism 0.02 ACSL1; ELOVL5* 

Human T-cell leukemia virus 1 infection 0.03 

DVL3; POLE; NFATC1; 

CCND1* 
Hepatitis B 0.03 NFATC1; CASP3; CCND1* 

ABC transporters 0.03 ABCC1; ABCC6 

Cushing syndrome 0.03 DVL3; CCND1* 

Synaptic vesicle cycle 0.03 AP2M1*; DNM2* 

cGMP-PKG signaling pathway 0.03 KCNMB2; GUCY1A1*; NFATC1 

Mitophagy 0.03 PGAM5 

Acute myeloid leukemia 0.03 CCND1*; MPO* 

Cytosolic DNA-sensing pathway 0.03 POLR3B* 

Glioma 0.04 CCND1* 

Bacterial invasion of epithelial cells 0.04 CTTN*; DNM2* 

p53 signaling pathway 0.04 CASP3; CCND1* 

Taste transduction 0.04 P2RX2; ASIC2 
Insulin secretion 0.05 KCNMB2 

Huntington disease 0.05 AP2M1*; CASP3 

MBW 

Bacterial invasion of epithelial cells <0.01 ARHGAP10*; VCL* 

Leukocyte transendothelial migration 0.01 CLDN23*; VCL* 

Fatty acid biosynthesis 0.02 ACACB 

Cell adhesion molecules (CAMs) 0.02 CLDN23*; VCL* 

Vitamin digestion and absorption 0.03 CUBN* 

Propanoate metabolism 0.04 ACACB 

Pyruvate metabolism 0.05 ACACB 

RFI 

cGMP-PKG signaling pathway <0.01 PPIF*; KCNMA1*; ATP2A1* 

Bacterial invasion of epithelial cells <0.01 DNM2; ITGB1* 

Pancreatic secretion 0.01 KCNMA1*; ATP2A1* 

Toxoplasmosis 0.01 PPIF*; ITGB1* 
Axon guidance 0.03 ITGB1*; NRP1 



 

 

131 

 

Tight junction 0.03 ITGB1*; CGNL1 

Calcium signaling pathway 0.03 PPIF*; ATP2A1* 

Rap1 signaling pathway 0.04 ITGB1*; LAT 

Morphine addiction <0.01 ADCY3; PDE2A*; ARRB1* 

*indicates functional candidate genes
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Chapter 5 : General Conclusions 

5.1 General Discussion 

Focus on improving farm efficiency has become increasingly important as production costs 

rise and consumer awareness on the impacts of animal production practices grows. In this context, 

improving farm efficiency in an ethical and sustainable way is paramount to achieve production 

success in the dairy cattle industry. Breeding for feed efficiency (FE) has the potential to reduce 

production costs and increase farm profitability, as animals tend to consume less feed while 

maintaining production, health and fertility (Pryce et al., 2015). That said, measuring traits related 

to FE is extremely expensive, which has been a limiting factor in the implementation of genetic 

and genomic evaluations for FE. In this context, global research partnerships [e.g., those based out 

of the United States (VandeHaar et al., 2016), Scandinavia (Li et al., 2016),and Australasia (Pryce 

et al., 2018), the Global Dry Matter Initiative (Berry et al., 2014), Genomic Management Tools to 

Optimize Resilience and Efficiency (https://www.gentore.eu/), the Efficient Dairy Genome Project 

(https://genomedairy.ualberta.ca/), and the Resilient Dairy Genome Project 

(http://www.resilientdairy.ca/)] have allowed the genomic evaluations for FE in several countries 

(e.g., Jamrozik et al., 2021; Li et al., 2021; Parker Gaddis et al., 2021). However, there is still no 

clear consensus on the optimal method or time frame to perform selection for FE. 

With many aspects of including FE in breeding programs still unknown, Chapter 2 focused 

on preliminary genetic and phenotypic correlations for dry matter intake and residual feed intake 

with eight currently evaluated traits. In this same chapter, we also simulated the impact of 

including FE through direct and indirect selection in a selection index. The results of this chapter 

showed that the scenario that used direct selection pressure on FE was the best one economically, 

and that FE had minimal unfavorable impact on most of the other traits included within the 

selection index. Additionally, the cumulative response to selection over 10 generations led to 

improvement of FE with the potential for animals to consume 158 kg DM/305-day less feed while 

maintaining production levels. These results provided necessary information on the best selection 

method for FE. Moreover, the results of this chapter also highlight the importance of using a 

section index to ensure balanced selection, i.e., assure that all traits are improving simultaneously 

in the population.  

https://www.gentore.eu/
https://genomedairy.ualberta.ca/
http://www.resilientdairy.ca/
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Feed intake, milk production and FE are dynamic, changing over the lactation, creating a 

distinct trajectory over time (Allen, 2000; Forbes, 2007; Seymour et al., 2020). However, the 

majority of studies have used only a few time points to analyze FE and its underlying traits (e.g., 

Connor et al., 2013; Tempelman et al., 2015; Li et al., 2016). Considering the dynamic changes in 

physiology over the entire lactation might have a substantial impact on the prediction of genetic 

parameters for FE. Therefore, in Chapter 3, random regression models were used to analyze FE 

(based on residual feed intake (RFI), and its underlying traits, i.e., dry matter intake (DMI), energy 

corrected milk (ECM), and metabolic body weight (MBW)), and assesses the potential impact of 

selecting for FE at various time points within the lactation. The results of this chapter showed that 

the genetic parameters estimated for DMI, ECM, MBW, and RFI change throughout the lactation, 

and highlighted the need to ensure that multiple timepoints within the lactation are considered 

when performing the genetic evaluations. Moreover, the results of Chapter 3 suggested that there 

are specific time points in the lactating (e.g., between 140 days in milk to 226 days in milk) where 

there could be an increased genetic gain for FE. Despite the fact that the results of this study still 

need to be validated using a larger population, they provide a deeper understanding of the dynamic 

genetic nature of FE. It should be noted that the results in Chapter 3 don’t align with the current 

method of splitting the lactation used by Lactanet (Guelph, ON, Canada). Lactanet has split the 

lactation into two stages, before and after 60 days in milk (DIM), which corresponds with peak 

lactation. They are also careful to place selection pressure on the period after peak lactation. This 

is likely the optimal method considering the current amount of data available for official genomic 

evaluations; however, it would be recommended to consider multiple time points in the future as 

more data becomes available. This further highlights the need for continued data collection for FE.  

To further investigate the underlying genetic architecture of FE, genome-wide association 

studies (GWAS) using imputed whole genome sequence (WGS) data were performed in Chapter 

4. Previous studies have already considered GWAS for FE at different time points within the 

lactation as different traits, but using medium-density (50-60k) (Hardie et al., 2017; Lu et al., 2018) 

and high-density (300k) genotypes (Li et al., 2019). Therefore, Chapter 4 focused on using WGS 

data to identify genomic regions and candidate genes associated with DMI, ECM, MBW and RFI 

considering two stages of lactation (5 to 60 days in milk and 61 to 305 days in milk). The lactation 

curve was split into two stages to increase the power of the GWAS, as well as to validate the 



 

 

134 

 

decision made by Lactanet to consider the two stages of lactation as different traits. In order to 

validate the differential pattern of SNP effects over the lactation for the SNP that were significant 

in at least one of the two lactation stages, random regression coefficients predicted in the Chapter 

3 were used. The results of this chapter further supported that the genetic architecture of FE 

changes through the lactation, as no overlap between SNP, genomic regions, and candidate genes 

were observed between the two stages of lactation. This was an unexpected result as the two 

periods of lactation are correlated, and the traits related to FE are correlated. Additionally, the SNP 

effects estimated using the random regression model supported the idea that the genomic 

architecture of FE changes over the lactation. This chapter also reinforced the complex and 

polygenic nature of FE, which further supports the need to analyze FE at multiple time points 

throughout the lactation.  

While this thesis provides a detailed overview of many aspects of FE, the biggest limitation 

to this thesis is the size of the dataset used. Feed efficiency is still a relatively new trait, and thanks 

to international collaboration, databases are consistently growing. That said, there still is a limited 

dataset available for research projects. Additionally, due to the collaborative nature of the dataset 

used, there were various protocols used for data collection making the data extremely 

heterogenous. This meant that few animals had consistent records and prevented the use of other 

traits such as body condition score, change in body weight, or lactose in the modeling and analysis. 

These limitations lead to high standard errors for the variance components and estimated breeding 

values, and consequently less power in the GWAS. While there are limitations within this thesis, 

it does not detract from the findings, especially that FE is dynamic and cannot be considered the 

same trait over the lactation. Thus, even though we don’t currently have enough data to preform 

genomic evaluations at multiple time points, or through the use of random regression models, the 

results of this thesis highlight the need for continued data collection on FE. With that, ss more data 

is acquired, reassessment of current implementation methods for FE should be reassessed.  

5.2 General Conclusions  

This thesis provides insights on 1) impact of including FE into a breeding program, 2) the 

dynamic pattern of variance components and genetic parameters estimated for FE and its 

underlying traits over the lactation, and 3) changes in the genomic architecture of FE throughout 
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lactation. Therefore, this thesis suggests that analyzing feed efficiency as a longitudinal trait using 

random regression models might be one way to account for the dynamic nature of FE. Further 

research using larger populations are needed to validate these results and provide concrete 

recommendations to the dairy industry.  
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