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ABSTRACT 
 
 
 
EVALUATING THE USE OF MID-INFRARED SPECTROSCOPY AS AN INDICATOR 

OF FEED EFFICIENCY 
 
 
 

Shannon Beard        Advisors: 
University of Guelph, 2018      Dr. Christine Baes 
         Dr. Filippo Miglior  
 
 
 
 With a growing global population, rising feed costs, and an increased awareness of 

environmental concerns, the Canadian dairy industry is looking to include feed efficiency into a 

breeding objective for Holstein cattle. Since measuring individual feed intake can be difficult and 

expensive, the use of a predictor trait such as mid-infrared spectroscopy may be a solution by 

providing phenotypes for feed intake on large numbers of animals at a low cost, utilizing 

technology that is already used in regular milk recording. This thesis presents a preliminary 

evaluation of the efficacy of using mid infrared spectral data to predict a feed efficiency trait. 

Adding mid-infrared spectral data did not considerably improve accuracy of prediction equations 

from equations created using just milk yield and milk component data. Further research is needed 

to validate of the results found in this study using an independent dataset. 
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CHAPTER 1: INTRODUCTION AND OBJECTIVE 

 

1.1 INTRODUCTION 

 

In an ever-growing world market, the Canadian dairy industry must contend with a rapidly 

increasing global population and subsequent food demands, while continuing to produce quality 

dairy products. To remain competitive, the industry must improve production efficiency to 

increase milk production in a more cost-effective manner. This has long been a goal of animal 

agriculture and has become especially important in recent years, as the sustainability of agriculture 

has become a widely-discussed topic. The goals of improving production efficiency include 

safeguarding natural resources, improving animal well-being, and decreasing the environmental 

footprint of the dairy sector (Connor, 2015). While the industry has been working to improve farm 

operations, herd management, and nutrition to increase production efficiency, there is considerable 

demand for genetic methods to further increase efficiency in Canadian dairy herds (Connor, 2015).  

 Feed costs contribute up to 60% of on-farm dairy production costs, and this cost is 

increasing (Connor, 2015). Due to rising feed costs and increasingly competitive markets, there is 

considerable interest in increasing the efficiency at which cows are able to produce milk. A more 

efficient cow will have lower feed intake without experiencing a decrease in production (Pryce et 

al., 2015). This will result in a reduction of the number of animals required to produce the same 

quantity of milk, which will in turn result in savings in feed costs, a reduced carbon footprint, and 

decreased resource use (Connor, 2015). Tools are needed to assist producers in identifying cows 

that have high efficiency of converting feed to milk, as well as cows that consistently maintain 

body condition to support energy balance and fertility (Pryce et al., 2014). Feed efficiency and 
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intake traits have already started to be included in selection indexes in Australia, New Zealand, 

and the United States (Pryce et al., 2014), and the inclusion of feed efficiency and intake in 

Canadian selection indexes is of considerable interest due to its potential economic and 

environmental benefits (Canadian Dairy Network, 2015a). 

While it is acknowledged that including feed intake and efficiency in Canadian breeding 

goals would be beneficial, there remains debate on the best measure of efficiency and how to 

incorporate feed efficiency or intake into a breeding program. Feed intake and efficiency traits are 

difficult and expensive to measure, which has been a major factor hampering the inclusion of these 

traits in a breeding objective (Wallén et al., 2018). The use of a predictor trait, such as phenotypes 

generated from mid-infrared (MIR) spectroscopy, may be a solution, by providing a cost-effective 

indirect measurement of feed efficiency or feed intake. Mid-infrared technology is already used in 

official milk recording schemes to predict milk components such as protein, fat, casein, lactose, 

and urea contents (De Marchi et al., 2014). Mid-infrared spectral data has also been shown to be 

effective at predicting phenotypes for many additional dairy traits, including fatty acid 

composition, milk protein composition, ketone bodies, and mineral composition (Soyeurt et al., 

2009, 2011; Rutten et al., 2011; van der Drift et al., 2012; Fleming et al., 2017). Mid-infrared 

technology may provide an opportunity to obtain phenotypes for feed intake or efficiency on large 

numbers of animals at a low cost, using technology that is already used in regular milk recording. 

  

1.2 RESEARCH OBJECTIVE 

 

The objective of this research was to preliminarily evaluate the efficacy of mid-infrared 

spectroscopy as a predictor of feed efficiency in Canadian Holstein cattle. This thesis is divided 
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into three chapters. The following chapter provides background information on the current state of 

the Canadian dairy industry, an overview of novel traits and measures of feed efficiency, and a 

review of recent international literature on feed efficiency traits, specifically looking at the use of 

mid-infrared spectroscopy as a predictor trait for efficiency. Chapter three examines the 

development of prediction equations for feed efficiency using mid-infrared spectral data in two 

different herds. Lastly, chapter four provides a general discussion of the results presented in the 

previous chapter and examines limitations of this study and potential opportunities for future 

research in this topic.   
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CHAPTER 2: LITERATURE REVIEW 

 

2.1 OVERVIEW OF THE CANADIAN DAIRY INDUSTRY 

 

 The Canadian dairy industry is a continuously growing and globally competitive 

agricultural sector. Based on farm cash receipts, dairy is ranked second in the Canadian agricultural 

sector after red meats and is one of the top two agricultural sectors in seven Canadian provinces 

(Dairy Farmers of Canada, 2017a; Canadian Dairy Information Centre, 2018a). In 2017, the 

industry consisted of 945,000 milking cows and 454,300 heifers located on 10,951 farms 

nationwide. The majority of dairy farms are located in Quebec and Ontario, with 5,368 and 3,613 

farms, respectively (Canadian Dairy Information Centre, 2018b).  

Canada’s dairy industry currently uses a system of supply management. This system 

ensures coordination of supply and demand, controls imports, and allows for stable prices for 

producers and consumers (Heminthavong, 2015). Dairy farmers must purchase quota, measured 

in daily kilograms of butterfat produced, which is equivalent to the production for one cow. The 

amount of quota a farmer holds determines the volume of milk they may produce (Heminthavong, 

2015). Total quota represents the national milk production target for Canada, and it is frequently 

adjusted as needed to reflect consumer demand. When total quota is increased, individual farmers 

are required to increase their production to ensure supply meets demand (Canadian Dairy 

Commission, 2018). 

The industry produced 89.8 hectolitres of milk in 2017, representing a 5.8% increase in 

milk production from 2016 (Canadian Dairy Information Centre, 2018c). Dairy Farmers of Canada 

(2017b) reported a yearly contribution of about $19.9 billion to Canadian GDP, which represents 
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a 5.15% increase from 2013. Despite a drastic decrease in the total number of dairy operations in 

Canada (13.4%), the total number of dairy cattle and calves have exhibited only a slight 2.4% 

decrease from 2011 to 2016 (Statistics Canada, 2017a). According to the 2016 census, while the 

total number of farms in Canada have decreased, the average number of dairy cows per farm has 

risen 11.6% since 2011. Additionally, total milk production has increased 8.7% since 2011 despite 

these decreases in farm size (Statistics Canada, 2017b). Canada, though not a large exporter of 

dairy products, exports approximately $400 million worth of dairy products per year, with most 

destinations within North America (Canadian Dairy Information Centre, 2018a). Dairy products 

in Canada are mainly produced to be consumed domestically, especially fluid milk, and this is one 

reason why the volume of dairy exports is small (Canadian Dairy Information Centre, 2018d). 

Skim milk powder is the most prevalent export, accounting for roughly 40% of total exports.  

There are currently eight milking dairy breeds used in Canada, and Holsteins account for 

over 93% of the total herd. Across Canada, 74.4% of cows are housed in tie-stall facilities, and 

25.6% are housed in free-stalls. This trend is especially prevalent in Ontario, where the number of 

tie-stall operations are more than double the number of free-stall operations (68.7% and 31.3%, 

respectively). In Alberta, however, free-stall operations represent the majority of dairy farms, with 

96.5% of farms using this housing method and only 3.5% housing animals with tie-stalls (Canadian 

Dairy Information Centre, 2018e).   

The Canadian dairy industry is world-renowned for the genetic quality of the national herd 

and for its genetic improvement and evaluation programs. Currently, genomic evaluations are 

estimated for over 60 traits (Canadian Dairy Information Centre, 2018a). The quality of Canadian 

dairy genetics has been recognized and valued globally, and genetic material has been marketed 

worldwide. In 2017, the total value of exported Canadian dairy genetics, including semen, 
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embryos, and live animals was estimated at over $148 million (Canadian Dairy Information 

Centre, 2018f). Semen exports make up the majority of this value, accounting for about 80% of 

total exported genetics (Canadian Dairy Commission, 2017b). Canada currently has two selection 

indexes for use by dairy producers. The first is the Lifetime Performance Index (LPI), which 

consists of three components: production, durability, and health and fertility (Canadian Dairy 

Network, 2015b). The other index used by dairy producers is Pro$ index. This index was 

introduced in 2015, and it was developed to better represent direct profitability of an individual 

cow (Canadian Dairy Network, 2015c). Since genomics was introduced in 2009, the rate of 

progress for many traits has doubled (Canadian Dairy Network, 2017). This has been especially 

true for lowly heritable traits, for example functional traits, including health, fertility, and some 

type traits (Canadian Dairy Network, 2017).  

 

2.2 NEW CHALLENGES AND NOVEL TRAITS 

 

 For many years, dairy breeding has focused on improving production and durability traits. 

As changing consumer demands and new breeding goals emerge, novel traits must be studied and 

included in the Canadian breeding program. In the past, traits included in the index were traits that 

were highly heritable, since it was easy to see a clear genetic gain by selecting for them (Miglior 

et al., 2017). With the advent of genomics and the inclusion of new technologies for data collection, 

higher genetic gain can now be realized in lowly heritable traits (Miglior et al., 2017). Public 

demands for food safety, a decreased environmental footprint, animal health, and welfare have 

also been a major driver for the inclusion of many novel traits, as a balance must be obtained 

between consumer views and producer needs (Egger-Danner et al., 2014). 
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2.2.1 Health and Fertility 

With major emphasis being put on production traits in the past, an indirect negative 

response has been observed in the overall health and fertility of Canadian dairy cattle (Miglior et 

al., 2017). In recent years, health and fertility traits have been included in the Canadian selection 

index to overcome their negative genetic correlation with production traits, and considerable 

genetic progress has been achieved (Miglior et al., 2017). Health and fertility traits recently 

incorporated into selection indexes in North America include somatic cell score, longevity, and 

daughter fertility (Chesnais et al., 2016). The inclusion of more health and fertility traits, such as 

hoof health traits, udder health, metabolic diseases, resistance to heat stress, immune response, and 

reproductive disorders is likely in the future (Chesnais et al., 2016; Miglior et al., 2017).  

 

2.2.2 Methane Emissions 

The environmental footprint of methane gas emissions of Canadian dairy cattle is another 

emerging issue surrounding the dairy industry, since methane has been identified as being one of 

the most prevalent non-carbon dioxide greenhouse gasses contributing to climate change (De Haas 

et al., 2011). There is considerable interest in including an emissions trait into selection indexes. 

Several studies have been performed showing sufficient genetic variation and a moderate 

heritability for methane emissions, suggesting that an emissions trait would be feasible to select 

for (De Haas et al., 2011; Lassen and Løvendahl, 2016). 

 

2.2.3 Feed Efficiency 

Increasing the efficiency at which cows convert feed to milk is a growing interest of many 

producers, since feed tends to be one of the largest expenses of a dairy farm (Hemme et al., 2014). 
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Feed can account for up to 60% of on farm dairy production costs (Connor, 2015). While this 

figure is similar to other species, dairy requires extra time and resource investment before 

achieving a saleable product. In addition, cows in their dry-off period continue to consume feed 

but do not contribute to farm income (Connor, 2015). Typically, animals that have higher 

production tend to consume more feed to meet their elevated energy requirements (Pryce et al., 

2015). The inclusion of a feed efficiency trait into a breeding goal allows for the potential to reduce 

on-farm costs since a more efficient cow will decrease feed costs without decreasing production 

(Hemme et al., 2014; Pryce et al., 2015). Additionally, an increase in feed efficiency has been 

linked to the reduction of major greenhouse gas emissions, including methane (Connor, 2015). 

Due to these benefits, feed efficiency is a highly desirable trait to include in Canadian dairy 

breeding goals.  

 

2.3 FEED INTAKE AND EFFICIENCY TRAITS 

 

Feed efficiency is typically defined as units of output, or production, per unit of input, or 

intake (Chesnais et al., 2016). Measures of feed efficiency have been examined and implemented 

in many other agricultural species, including swine, beef, and poultry, but this trait has only been 

investigated in dairy cattle in recent years. This is mainly due to the major energy balance 

fluctuations that occur throughout lactation, which complicates the estimation of efficiency 

(Connor, 2015). Despite this, the inclusion of feed efficiency into a selection index for dairy cattle 

is of marked interest due to the potential for feed cost savings, and the mitigation of greenhouse 

gases in a world market with growing concerns regarding agricultural industries’ impact on the 

environment.  
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A challenge in incorporating feed efficiency into a breeding program is the identification 

of an appropriate trait to use. An optimal trait will improve genetic progress in feed efficiency 

without negatively impacting other traits, such as fertility, energy balance, and health traits 

(Connor, 2015). Dry matter intake (DMI) is an example of a feed intake trait, and it is defined as 

the amount of dry matter consumed by an animal. It exclusively explains the amount of feed eaten 

by an animal, without accounting for maintenance requirements or production. Selecting for 

decreased feed intake can result in consequent decreases in production, and many feed intake traits 

are negatively correlated with health and fertility (Connor, 2015). Because of this, feed efficiency 

traits are preferred over feed intake traits for use in selection indexes. Feed efficiency traits 

typically account for some aspect of production, such as milk output, or account for different 

energy sinks, such as those for maintenance and production (Connor, 2015). There are generally 

two classifications of feed efficiency traits: ratio traits and residual or regression traits (Berry and 

Crowley, 2013). Feed efficiency traits, however, all involve measurement of DMI, and it is still an 

important variable in the calculation of an individual cow’s feed efficiency. 

 

2.3.1 Definitions of Feed Efficiency 

There are many different definitions of feed efficiency that have been evaluated in recent 

years, and there is still some debate as to which definition is the best to use in dairy breeding 

programs. Gross feed efficiency (GFE) traits are typically defined as a simple ratio of milk output 

to feed input (Connor, 2015). These traits are similar to feed conversion ratio traits that are used 

in meat-producing animals, which are easy to understand, simple to measure, and have moderate 

heritabilities ranging from 0.14 to 0.37 (Van Arendonk et al., 1991; Vallimont et al., 2010; 

Spurlock et al., 2012; Connor, 2015). An example of a proposed GFE trait is feed conversion 
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efficiency (FCE), which is defined as the ratio of feed consumption to kilograms of milk produced 

(Korver, 1988). This definition is considered to represent the energy requirements of animals 

throughout different stages of lactation (Berry and Crowley, 2013). 

 Traits defined as being GFE traits have some limitations to their use for selection. 

Selecting for increased milk production may result in energy requirements that cannot be met by 

feed intake alone, which can cause increased body tissue mobilization (Connor et al., 2012). This 

results in strong undesirable correlations between GFE traits and body condition score, body 

weight, energy balance, and days open (Vallimont et al., 2011; Spurlock et al., 2012). Additionally, 

the negative correlations between GFE and energy balance, body condition score, and body weight 

suggest that selecting for GFE traits may have negative implications for health and fitness traits, 

including fertility (De Vries et al., 1999; Collard et al., 2000). Another limitation to using GFE 

traits is the fact that it is not possible to distinguish between the level of production of cows with 

proportionally similar feed intake relative to milk yield. Gross feed efficiency traits have strong, 

positive genetic correlations with milk yield, so it may be possible to achieve genetic 

improvements in GFE while just selecting for increased milk yield, without actually having to 

measure feed intake (Spurlock et al., 2012).  

 Residual feed intake (RFI) is a trait of growing interest, since it is a measure of net feed 

efficiency that considers energy costs for maintenance and production. Residual feed intake is 

defined as the difference between the actual energy intake and predicted energy intake of an animal 

(Connor, 2015). A lower value of RFI is preferred, since this indicates that an animal is consuming 

less feed than was predicted (Connor, 2015). Residual feed intake is typically calculated with a 

regression model of intake on the various energy sinks, such as lactation, pregnancy, and 

maintenance (Koch et al., 1963; Pryce et al., 2014). Body weight change, average metabolic body 
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weight, solids- or energy-corrected milk yield are also typically included in the regression model 

(Connor, 2015). Residual feed intake can also be calculated using information from standard feed 

tables to determine the energy requirement for the different energy sinks (Koch et al., 1963; Berry 

and Crowley, 2013; Connor, 2015). For growing dairy heifers, RFI is calculated similarly to beef 

cattle, in that the regression model for predicted intake includes metabolic body weight and rate of 

body weight gain (Lin et al., 2013). The calculation of RFI in lactating dairy cows is different, 

however, since energy is required for lactation in addition to maintenance and growth (Connor, 

2015). Body condition score (BCS) should be included in the calculation of RFI for lactating cows, 

since it can be used as a measure of changes in body reserves throughout lactation (Pryce et al., 

2014).  

The use of RFI as a feed efficiency trait has been debated because of its complexity. 

Because RFI is defined as the difference between predicted and actual feed intake, a low or 

negative value is preferred. This may cause confusion in the determination of which animals have 

better RFI values (Connor, 2015). Additionally, RFI is more complicated to calculate than GFE 

traits. The calculation of RFI requires to the use of mathematical models, and a group of reference 

animals is necessary to calculate predicted intake if standard feed tables are not used (Connor, 

2015).   

Similar to RFI, residual solids production (RSP) is defined as the difference between actual 

milk solids produced and those expected based on the feed intake of the animal and other energy 

sinks, including those for maintenance and growth (Berry and Crowley, 2013). It is calculated as 

the residuals from the regression of milk solids production on other energy sinks and DMI (Berry 

and Crowley, 2013). This trait may be simpler to implement than RFI, since a more positive value 

is preferred, indicating higher milk solids produced per unit of feed ingested (Berry and Crowley, 
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2013). It is evident that there are many trait options available for measuring feed efficiency in an 

animal. The number of options available makes it difficult for researchers to agree upon which 

definition of feed efficiency is best for use in a breeding program. 

 

2.4 MEASURING FEED EFFICIENCY 

 

 While it is generally agreed upon that the inclusion of a feed efficiency trait into breeding 

goals would be beneficial, it may be difficult to implement in practice. Measuring individual feed 

intake for the calculation of feed efficiency can be difficult and expensive. This has been a major 

factor hampering the inclusion of feed efficiency traits into selection indexes (Shetty et al., 2017). 

Large numbers of individual records on feed intake are necessary to estimate the genetic merit of 

including efficiency traits in a breeding goal (McParland et al., 2014). In a typical dairy farm in 

Canada, cows eat out of a communal feed trough that is incapable of measuring the amount of feed 

a specific cow has eaten. Measuring feed intake requires highly technological feed bunks that can 

measure individual intake and feeding behaviour, which can be very expensive. While some 

research herds have access to these feed bunks and are able to measure individual intake, most 

commercial farms are not equipped with this technology and incorporating it would be a large 

investment.    

 One solution to the problem of measuring intake may be the use of predictor traits, which 

would provide an indirect estimation of individual feed intake. Predictors must be low cost, 

relatively easy to measure, biologically related to feed intake, and available for large numbers of 

individual animals (McParland et al., 2014b). In recent years, interest in developing methods to 

accurately predict phenotypes in an efficient manner has been rapidly growing. This is especially 
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the case when considering the application of genomic selection, which requires accurate 

phenotypes on very large numbers of animals (De Marchi et al., 2014). The use of a predictor trait 

may be a solution that enables feed intake to be measured accurately enough on sufficient numbers 

of animals to be included in breeding programs.  

 

2.5 MID-INFRARED SPECTROSCOPY 

 

Mid-infrared (MIR) spectroscopy is one source of predictor traits that may be a useful 

solution for estimating phenotypes for feed intake and efficiency on many animals. This 

technology is based on the study of the interaction between matter and electromagnetic waves, and 

it has gained considerable interest in recent years due to its ease of measurement and low cost 

(Shetty et al., 2017). Mid-infrared analyses would be simple to implement for feed efficiency traits, 

since this technology is already used in official milk recording schemes to predict milk components 

such as protein, fat, casein, lactose, and urea contents (De Marchi et al., 2014). The use of this 

technology would be especially useful for Canada, since over 75% of Canadian herds are currently 

participating in milk recording (Canadian Dairy Information Centre, 2018a).  

The infrared (IR) region of the electromagnetic spectrum is located between the visible 

light region and the microwave region, between 700 nm and 1 mm, and is further subdivided into 

the near-, mid-, and far-IR regions (Dufour, 2009). The mid-infrared region is located between 

2,500 and 25,000 nm, and it is the main region of vibrational spectroscopy (Dufour, 2009). When 

IR radiation is applied to a sample, the bonds of the molecules in the sample make movements 

(e.g., vibration and rotation), which involve a more or less marked absorption of the provided 

energy (Dufour, 2009). The absorption of the IR energy and subsequent frequency of vibration 



 

 16 

and rotation depend on the strength and polarity of a particular molecular bond (Barth, 2007). The 

position of absorption bands is influenced by the type of bond, the position of electrons, the inter- 

and intra-molecular environment, and coupling with other molecular movements (Barth, 2007). 

The amount of resultant transmitted light is examined to determine the amount of energy absorbed 

at each frequency. The spectra can be expressed either as percent transmittance or absorbance, 

which are reciprocal to one another. Transmission or absorption is plotted against wavelength to 

produce the spectra for the sample (Dufour, 2009). In milk testing, the combinations of different 

molecules within the milk interact with the MIR laser, so the MIR spectrum represents the total 

composition of the milk sample.  

The amount of research on the use of MIR spectroscopy for predicting novel traits has 

rapidly grown in recent years. De Marchi et al. (2014) provides a comprehensive review of the 

major studies that have been done on the efficacy of using MIR spectroscopy to predict several 

dairy traits, including the protein and fatty acid composition of milk, body energy status, mineral 

composition, ketone bodies, milk coagulation properties, and methane emissions (De Marchi et 

al., 2009, 2013, 2014; Soyeurt et al., 2009, 2011; McParland et al., 2011, 2012; Rutten et al., 2011; 

Dehareng et al., 2012; Fleming et al., 2017). There have also been studies in recent years that have 

looked at using MIR spectroscopy as an indicator of feed efficiency and intake traits, including 

DMI, RFI, net energy intake, and energy balance (McParland et al., 2014a, b; Shetty et al., 2017; 

Wallén et al., 2018).  

 

2.5.1 Fitting Statistics 

In order to compare different studies using MIR spectroscopic technology, statistical 

measures must be used that can report the accuracy and utility of prediction equations. The 
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coefficient of determination (R2) is the amount of variation in the response variable explained by 

the predictors. Generally, an R2 greater than 0.95 can be used for payment purposes, and those 

greater than 0.75 can be used for breeding programs (Soyeurt et al., 2011). Despite this, prediction 

equations with lower R2 values may still be applicable (Cecchinato et al., 2009). The ratio of 

performance to deviation (RPD) is equal to the ratio of standard deviation to the standard error of 

validation. A higher value is preferred, and values larger than 2 generally indicate good prediction 

equations (De Marchi et al., 2014). A similar statistical measure to RPD is the range error ratio 

(RER), which is equal to the range of the parameter divided by the standard error in validation. 

Models with RER higher than 10 are considered excellent, and models with values between 3 and 

10 are considered generally practical (De Marchi et al., 2014). Lastly, the standard error of 

prediction (SEP) and root mean square error of prediction (RMSEP) assess the ability of a 

prediction equation to estimate unknown values. A smaller value is preferred, as this indicates the 

calibration equation is able to predict unknown values more accurately (De Marchi et al., 2014). 

 

2.5.2 Developing Robust Prediction Equations 

In order to achieve the most robust prediction equations possible, spectra pre-treatments 

may be used to improve the linear relationship between the spectra and the reference values (De 

Marchi et al., 2014). Several phenomena may alter this relationship, including changes in sample 

size, scatter from particulates, and other molecular interactions (Rinnan et al., 2009b). There are 

two main types of spectral pre-treatments: spectral derivatives and scatter correction methods 

(Rinnan et al., 2009a). Derivative pre-treatments are very popular in the creation of prediction 

equations using MIR spectroscopy. First derivatives improve the resolution of the spectral sample, 

and second derivatives give a negative peak for each band and shoulder of the spectra (Savitzky 
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and Golay, 1964). Multiplicative scatter (or signal) correction is another preprocessing method 

that removes nonlinearities caused by particulate scattering in the spectral sample (Martens and 

Næs, 1989; Rinnan et al., 2009a). Most studies do not report results of different pre-treatment 

methods that were attempted, so it is difficult to compare between them. Soyeurt et al. (2011) 

found that the most effective preprocessing method was the first derivative, with a combination of 

first derivative plus multiplicative scatter correction being the second most effective method for 

predicting individual fatty acids in milk. Other studies, however, have found that using a 

preprocessing method does not actually improve the predictive ability of calibration equations, and 

more research needs to be done to assess their application (McParland et al., 2011; De Marchi et 

al., 2013).  

 

2.6 PREDICTING FEED EFFICIENCY USING MID-INFRARED SPECTROSCOPY 

 

 The study of the use of MIR spectroscopic technology to predict feed efficiency is 

relatively new, so there are currently few published studies on its efficacy. Studies to date have 

used the MIR spectrum to predict several different definitions of feed efficiency and intake, 

including DMI, RFI, net energy intake, and energy balance.  

A study by McParland et al. (2014) examined the efficacy of using the MIR spectrum to 

predict effective energy intake (EEI) and RFI from Irish Holsteins, with the MIR spectra collected 

twice daily at milking. Prediction results included RPD values for RFI and EEI ranging from 1.18 

to 1.24 and 1.19 to 1.34, respectively. This study also assessed the difference in predictive 

capability using either morning or evening milk samples and found that evening milk samples 

resulted in more robust prediction models, with an increase in RPD for RFI and EEI of 0.08 and 
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0.04, respectively. The results of this study are limited to grass-fed cows, however, and 

comparisons with other housing and feeding environments may not be applicable.  

Shetty et al. (2017) assessed the use of MIR spectral data collected 2 to 6 times per week 

to predict RFI and DMI in Danish Holsteins and Jerseys, using three external validation test sets. 

In this study, R2 of validation (R2Val) ranged from 0.28 to 0.81 for DMI (RMSEP ranging from 

1.49 to 2.91 kg), and R2Val for RFI across lactation ranged from 0.20 to 0.24 (RMSEP ranging from 

1.46 to 1.50 kg). The best model was the one that included milk yield, live weight, and MIR 

spectral data, with an R2Val of 0.81 (RMSEP = 1.49 kg). This study also examined the difference 

in predicting RFI in different stages of lactation and found that the R2Val was highest in early 

lactation (1 to 9 weeks), ranging from 0.29 to 0.46 (RMSEP ranging from 1.70 to 2.00 kg). 

However, these researchers concluded that the R2 was comparable between models that included 

spectral data and those that did not, therefore MIR spectral data did not add significant new 

information to improve prediction models for both DMI and RFI. They also concluded that similar 

prediction results for DMI and RFI could be achieved with just fat, protein, and lactose content 

information.  

 Lastly, Wallén et al. (2018) estimated the use of MIR spectroscopy to predict DMI and net 

energy intake (NEI) in Norwegian Red dairy cows using either partial least squares regression 

(PLSR) or best linear unbiased prediction (BLUP). Values for R2 for DMI and NEI when the 

PLSR method was used ranged from 0.06 to 0.35 and 0.18 to 0.48, respectively. When BLUP was 

used, R2 values for DMI and NEI ranged from 0.09 to 0.40 and 0.18 to 0.50, respectively. These 

researchers concluded that MIR spectral data could be used to predict NEI effectively as a measure 

of feed intake, however, DMI was more difficult to predict.    
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2.7 SUMMARY 

 

The objective of this chapter was to provide an overview of the current state of the 

Canadian dairy industry, to analyze the different definitions of feed efficiency and spectroscopic 

techniques, and to examine the current literature surrounding the topic of using MIR spectroscopy 

to predict feed efficiency and intake traits in dairy cattle. This review suggests that MIR 

spectroscopic technology may be a possible solution to the difficulties surrounding collection of 

feed intake data, so that a feed efficiency trait may be included in Canadian breeding programs. 

The inclusion of such a trait would meet both the demand for improved production efficiency of 

Canadian dairy producers and the need for more efficient cows that can combat rising feed costs 

while maintaining similar production.   
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CHAPTER 3: PREDICTION OF FEED EFFICIENCY IN HOLSTEIN CATTLE USING 

MILK MID-INFRARED SPECTROSCOPY  

 

3.1 ABSTRACT 

 

The efficacy of milk mid-infrared spectroscopy (MIR) as a predictor for intake conversion 

ratio (ICR; daily DMI corrected for daily fat production) was assessed. Holstein cattle data from 

two research herds, located at the University of Guelph (n = 1,408) and the University of Alberta 

(n = 3,243), were used to develop prediction equations for ICR using partial least squares 

regression. Prediction models were created using combinations of milk yield, milk components, 

body weight, and MIR spectral data. Prediction equations were created for a weekly average ICR, 

as well as measurements taken at different days throughout the week. For both datasets, 

comparable or better prediction results were observed for models including only milk yield and 

milk components (R2CV = 0.25 to 0.61) as in models when MIR spectral data was included with 

milk yield and milk components (R2CV = 0.20 to 0.30) suggesting that MIR spectral data does not 

improve prediction accuracy. Data from the University of Alberta research herd resulted in greater 

prediction accuracies than that from the University of Guelph, and it was evident that a prediction 

equation for ICR is impacted by variation between herds. For Guelph data, prediction equations 

performed more effectively in the first 50 DIM, which may be the best time to use a prediction 

equation for ICR. Predicting ICR measured at different timepoints relative to milk recording did 

not substantially change prediction accuracy. It may be possible to predict ICR regardless of the 

timepoint of trait measurement. A validation must be performed to determine the ability of the 

equations created in this study to predict ICR in an independent population. 
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3.2 INTRODUCTION 

 The Canadian dairy industry currently faces a rapidly changing world market, with highly 

dynamic consumer demands and many new, developing technologies that may change how the 

agricultural sector operates. With an increasing world population and a growing middle-class, 

increasing the efficiency of the agricultural sector is a major topic of research (United Nations, 

2018). There is a need for increased efficiency within all of Canada’s agricultural industries, 

especially the dairy industry. In particular, the Canadian dairy industry is looking for a cost-

effective method to improve production efficiency. While increasing milk production to account 

for increased food demands may seem like a simple solution, the increasing cost of animal feed 

creates a significant barrier to expansion (Connor, 2015). There is considerable interest in 

increasing the efficiency of the ability of cows to produce milk. A more efficient cow will have 

lower feed intake without experiencing a decrease in production or will be able to increase 

production without increasing intake (Pryce et al., 2014). Increasing the efficiency at which cows 

convert feed to milk is of growing interest to many producers, since feed tends to be one of the 

largest expenses on a dairy farm (Hemme et al., 2014).  

 While it is acknowledged that including feed intake or feed efficiency in Canadian breeding 

goals would be beneficial, in order to genetically improve feed efficiency, up to 4,000 phenotypes 

must be recorded annually (Wallén et al., 2017). However, feed intake and efficiency traits are 

difficult and expensive to measure in practice (Wallén et al., 2018). Alternatively, the use of a 

predictor trait, such as phenotypes generated from mid-infrared (MIR) spectroscopy, may provide 

a cost-effective indirect measurement of feed efficiency or feed intake. Mid-infrared technology 

is already used in official milk recording schemes to predict milk components such as protein, fat 

casein, lactose, and urea contents, and has been shown to be effective at predicting phenotypes for 
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fatty acid composition, milk protein composition, ketone bodies, and mineral composition 

(Soyeurt et al., 2009, 2011; Rutten et al., 2011; van der Drift et al., 2012; De Marchi et al., 2014; 

Fleming et al., 2017). Mid-infrared technology provides a potential opportunity to obtain large 

numbers of phenotypes for feed efficiency on large numbers of animals, using technology that is 

already used in routine milk recording programs. The purpose of this research was to determine 

the efficacy of using MIR spectral data to predict a feed efficiency trait for Canadian Holstein 

cattle.  

 

3.3 MATERIALS AND METHODS 

 

3.3.1 Data Collection  

Data collected from first-parity cows in their first 150 days in milk from two research herds 

were used in this study. The first dataset consisted of data from 114 Holstein cows housed in a 

predominately free-stall system at the University of Guelph Livestock Research and Innovation 

Centre (Elora, Ontario, Canada). A second data set consisted of data from 27 Holsteins housed in 

a tie-stall system at the University of Alberta Dairy Research and Technology Centre (Edmonton, 

Alberta, Canada). For both herds, weekly milk samples were collected on Wednesdays. 

 3.3.1.1 University of Guelph. Production yields and milk spectral data from individual 

milk samples were collected on a weekly basis during routine milk recording by CanWest DHI 

(Guelph, ON) from October 2016 to December 2017. Milk samples were sent to a CanWest DHI 

laboratory (Guelph, ON) for MIR spectral analysis using MilkoScan FT6000 spectrometers 

(FOSS, Hillerød, Denmark) following routine milk recording methodology, and the resulting 

spectra were stored. Individual cow feed intake data was collected using automatic feed stations 
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(Roughage Intake Control system; Insentec B.V., Marknesse, the Netherlands). Milk yield (MY, 

kg) and fat and protein yields and percentages (F%, P%) were collected during routine milk 

recording corresponding to the weekly MIR spectral records. Body weight (BW, kg) was recorded 

once weekly using a manual scale from September 2016 to December 2017, and using an automatic 

scale beginning in March 2017. After December 2017, only the automatic scale was used.  

To improve the integrity of the data and remove strong outliers while retaining as much 

variation as possible, DMI and BW records more than 4 standard deviations from the mean were 

removed. After data editing, there were 1,051 weekly records available with DMI, MY, F%, P%, 

and BW data for 114 cows.  

 3.3.1.2 University of Alberta. Milk samples were collected during both the morning and 

afternoon milking on the day of recording, and samples were sent for MIR spectral analysis to a 

CanWest DHI laboratory (Edmonton, AB). Spectral data was produced on a spectrometer of the 

same model as the University of Guelph (MilkoScan FT6000; FOSS, Hillerød, Denmark) using 

identical routine milk recording methodology. Spectral data was averaged to create weekly mean 

spectral records. Other data collected included individual milk yield and milk components (fat and 

protein yields and percentages) collected corresponding to milk samples for MIR spectral analysis. 

Individual feed intake data was recorded by daily manual weighing of feed for each cow in the tie-

stall. Body weight was recorded monthly, and weekly estimations were imputed using a linear 

regression on days in milk. Dry matter intake and BW records in the University of Alberta data 

that were more than 4 standard deviations from the mean were removed. After data editing, records 

for the Alberta herd consisted of 574 records on 27 cows.   

 

3.3.2 Trait Calculation 
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Daily dry matter intake (DMI, kg/day) for all cows was calculated from daily feed intake 

for both available datasets. A feed efficiency trait was created for this study by correcting daily 

DMI for daily fat production. Fat production was chosen as the trait to include in this ratio since 

dairy production in Canada is based on a supply management system that pays farmers per 

kilogram of butterfat produced, so maintaining fat production while increasing feed efficiency is 

preferred (Canadian Dairy Commission, 2018). From here on, this trait will be referred to as Intake 

Conversion Ratio (ICR). For this trait, a lower value is preferred since this indicates that less feed 

intake is needed to produce the same amount of fat.  

A study by Dehareng et al. (2012) predicted methane emissions from MIR spectra at 

different timepoints relative to measurement of emissions. This study concluded that methane was 

better predicted from spectral data collected 1.5 days after the methane measurement. To determine 

if there is a specific time-point for measuring feed efficiency that yields better prediction equations, 

five different time-points for calculating the ICR trait were used. To determine if it is more 

effective to predict ICR on a specific day of the week relative to the day of milk recording 

(Wednesday for both research herds), ICR was calculated specifically for Monday, Tuesday, and 

Wednesday individually, for an average of Monday and Tuesday, and a weekly mean (Sunday to 

Saturday).   

 

3.3.3 Mid-Infrared Spectral Data 

The MIR spectral data for each sample consisted of 1,060 data points representing infrared 

light absorption in the range of 900 to 5,000 cm-1. Due to high water absorption, regions 3,105 to 

3,444 cm-1 and 1,628 to 1,658 cm-1 of the MIR spectra were removed. In order to obtain robust 

prediction models, spectral pre-treatments are commonly applied to MIR spectral data (Rinnan et 
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al., 2009). Spectral pre-treatments can improve the linear relationship between the spectra and the 

gold-standard by accounting for scatter from particulates, sample size changes, and molecular 

interactions (Rinnan et al., 2009). In this study, multiplicative scatter correction was applied to the 

data to correct for noise in the spectrum. This preprocessing method accounts for variations in light 

scattering in spectral data and removes nonlinearities caused by scatter from particulates (Martens 

and Næs, 1989). Savitzky-Golay first derivatives (filter width 7, polynomial order 2) were also 

applied to the spectral data. First-derivative spectra pre-treatments are widely used to improve 

resolution and sharpen absorbance bands in spectral samples (Savitzky and Golay, 1964). After 

editing and pre-treatments, a total of 856 data points for the MIR spectrum were available. 

 

3.3.4 MIR Prediction Model Development 

 Prediction equations were developed using partial least squares regression (PLSR) using 

the “pls” package (version 2.6-0) in R statistical software version 3.4.4 (R Core Team, 2018). 

Partial least squares regression is a multivariate statistical tool that has been widely applied to the 

analyses of MIR spectral data (De Marchi et al., 2014). This method is a generalization of multiple 

linear regression and models the relationship between two matrices (Wold and Sjostrom, 2001). 

The general idea of PLSR is to extract orthogonal latent variables that explain as much variation 

in the data and model the responses well. This is achieved by extracting orthogonal latent variables 

from sampled factors and responses, which are used to construct predictions for the response 

variable (Wold and Sjostrom, 2001). The PLSR method is a useful tool when the number of 

predictors is greater than the number of observations, and when there are strong correlations 

between variables, as is the case in spectroscopic data (Shetty et al., 2017). All prediction equations 

were created using leave-one-out cross-validation, in which one record is tested, with the 
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remaining used to build the model, and the error is evaluated. This process is repeated until every 

record has been predicted and a generalized error estimate is obtained (Shao, 1993). McParland et 

al., (2011) reported that in order to obtain robust models without overparameterizing, the number 

of components permitted in the PLSR model are an important consideration. For this study, a 

maximum of 21 components were permitted for prediction equations including MIR spectral data. 

For all prediction equations, four fitting statistics were analysed to determine predictive ability. 

The coefficient of determination of calibration (R2Cal), which is used to assess the ability of a 

prediction equation to fit data, determines the proportion of variation explained by the PLSR 

model. The coefficient of determination of cross-validation (R2CV), is similar to R2Cal, but 

determines the ability of the prediction equation to predict new data. The root mean square error 

of prediction (RMSEP) assesses how well the prediction equation can predict unknown values. 

Finally, the ratio of performance to deviation (RPD), which is the ratio of the standard deviation 

to the standard error of validation, was calculated as an additional statistical measure of prediction 

model efficacy. Generally, models with an RPD greater than two are considered useful for 

analytical purposes (Karoui et al., 2006).  

 Prediction equations for ICR were created using combinations of MY, F%, P%, MIR 

spectral data, and BW. The eight prediction equations modeled in this study using weekly ICR are 

presented in Table 3.1. Prediction equations were also created to compare differences between 

different timepoints for measuring ICR (either Monday, Tuesday, Wednesday, or an average of 

Monday and Tuesday data) relative to the day of milk recording, which was Wednesday. Lastly, 

prediction models in different stages of lactation were developed to determine if predicting ICR is 

more accurate in a specific time period during a cows lactation. Lactations were split into three 

groups: 5 – 50 days in milk (DIM), 51 – 100 DIM, and 101 – 150 DIM. The R2Cal, R2CV, RMSEP, 
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and RPD were examined to determine the stage of lactation when ICR is best predicted. All 

equations predicting ICR in different stages of lactation and for predicting ICR at different 

timepoints were created using Model 7 (Table 3.1).  

 

3.4 RESULTS AND DISCUSSION 

 

3.4.1 Descriptive Statistics 

 Descriptive statistics for the data collected from both the University of Guelph and the 

University of Alberta herds are summarized in Table 3.2. All traits were significantly different 

between the two research herds at a 5% significance level. The median for the calculated ICR trait 

were considerably different between the two herds, at 23.67 kg DMI/kg fat/day for Guelph and 

31.33 kg DMI/kg fat/day for Alberta. This may be due to differences between the two herds in 

respect to DMI and fat yield, since as mentioned previously, the ICR trait used in this study was 

calculated by dividing DMI by fat yield. The University of Alberta herd produced a median of 

0.68 kg of fat per day, while the University of Guelph herd produced an average of 1.26 kg. 

Additionally, the Alberta and Guelph herds consumed a median of 21.20 kg and 28.49 kg of dry 

matter per day, respectively. There is a clear deviation that would affect the mean of the calculated 

ICR. This difference must be considered when comparing prediction equation results. Overall, the 

median milk yield for Guelph cows was higher than Alberta cows (31.50 kg and 17.50 kg, 

respectively). However, average fat and protein percentages were similar for the University of 

Alberta herd (3.95% and 3.19%, respectively) and for the University of Guelph herd (4.00% and 

3.14%, respectively). However, the coefficient of variation (CV) for fat and protein percentages 

in the Alberta dataset (22.28% and 8.20%, respectively) were higher than for the Guelph dataset 
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(17.60% and 7.87%, respectively). Evidently, while the median of the milk components for the 

Alberta herd is lower, there is also a large amount of variation within the herd.  

 Coefficients of variation of ICR for both the University of Alberta and the University of 

Guelph herds were high (CV of 23.31% and 37.84%, respectively), meaning some cows are 

consuming more or less feed per kilogram of fat produced than others, or have increased fat 

production relative to the amount of feed consumed. This variation could be exploited to make 

genetic progress in the amount of feed consumed per kilograms of fat produced in the milk if some 

of the variation is due to genetics. There is also sufficient variation to create a prediction model 

for this trait. Lastly, median BW was higher for the Guelph herd than for the Alberta herd (614.50 

kg and 597.00 kg, respectively). Differences in traits between the two herds may be due to many 

variables, including housing system, management, diet, climate, and activity. Table 3.3 presents 

the Pearson correlations between measured traits  

Descriptive statistics for daily average of the ICR trait, DMI, and fat yield in different 

stages of lactation are summarized in Table 3.4. Values for ICR were lowest at the beginning of 

lactation, with a median of 22.31 kg DMI/kg fat/day. Average DMI was at its highest at this stage, 

at 27.48 kg/day, and median fat yield is highest at 1.27 kg/day. During this stage of lactation, cows 

are striving to consume enough feed to account for changing energy demands post-calving 

(VandeHaar and St-Pierre, 2006). Most cows are in a negative energy balance at this time, and up 

to one-third of an animal’s energy needs may be derived from body stores (VandeHaar and St-

Pierre, 2006). This is a critical time for monitoring and optimizing an individual cow’s feed 

efficiency. A more efficient cow will be better able to keep up with the increased energy demands 

during this period (Pryce et al., 2014). Utilizing consumed feed in a more effective manner will 

prevent some consumption of body energy stores (Berry and Pryce, 2014). Average ICR was 
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increased between 51 and 100 DIM, with a median of 27.13 kg DMI/kg fat/day. In this period of 

lactation, cows are consuming a considerable amount of feed to account for the increased energy 

demands of peak lactation (Parker, 2012). Fat yield values remain high during this period, with a 

median of 1.09 kg/day. Finally, ICR begins to level off between 101 and 150 DIM, with a median 

of 27.69 kg DMI/kg fat/day. Fat production is at its lowest value, at 1.02 kg/day, and DMI has 

decreased to 22.94 kg/day. Milk production levels off during this time, and energy demands are 

decreasing from those at peak-lactation (Parker, 2012).  

 

3.4.2 Predicting Weekly Average ICR 

 The fitting statistics for prediction equations created for average weekly ICR are presented 

in Table 3.5. Milk yield explained 25% of the variation in ICR, with an RMSEP of 8.20 kg and an 

RPD of 1.15. Data from the MIR spectra alone (Model 5) resulted in an R2CV of 0.31 (RMSEP = 

7.88 kg; RPD = 1.20). When MY and MIR spectral data were included in a prediction model 

together (Model 6), the R2CV increased to 0.40 (RMSEP = 7.36 kg; RPD = 1.29). Adding F% and 

P% to the model (Model 7) further increased R2CV to 0.45 (RMSEP = 7.04; RPD = 1.35). Table 

3.6 presents the proportion of variance explained by each latent variable fitted in Model 7. 99.0% 

of the variation in ICR is explained from the first component alone, and 99.9% of variation is 

explained in three components. Addition of BW did not improve the performance of prediction 

equations (Model 8), with RMSEP decreasing by only 0.01 kg. Body weight data is impractical to 

include in a prediction model in practice, since most commercial farms do not record individual 

cow weights. As illustrated, however, the inclusion of BW does not improve prediction equations 

and may not be necessary to measure for this purpose.  
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While including MIR spectral information in prediction equations resulted in a moderately 

high R2CV, the model including F%, P%, and MY alone resulted in similar values (Model 3). Milk 

yield, F%, and P% were important predictors for the calculated ICR trait. Adding the MIR spectral 

data to the prediction equation did not improve the prediction of ICR. Therefore, it may be possible 

to predict ICR using only milk yield and component data. This may actually be beneficial, since 

this data is easy to acquire for most herds participating in milk recording, which in Canada is up 

to 75% (Canadian Dairy Information Centre, 2018a). However, when considering a predictor trait 

for feed efficiency, it is important to be able to estimate the variation in the trait that cannot be 

explained by just production data, as we may simply discount high-producing animals. Therefore, 

such prediction equations based on production levels alone need to be highly understood, and 

predicted phenotype values should not rank animals the same as production level. 

 Results for prediction equations for weekly average ICR in this study are slightly lower 

than those found by other researchers. A study by Shetty et al. (2017) analyzed the prediction of 

DMI and RFI using MIR spectral data. These researchers achieved an R2 of validation (R2Val) of 

0.81 for a model predicting DMI that included MY, BW, and the MIR spectra, but also found an 

R2Val of 0.78 for a model including just MY, BW, F%, and P%. This value is higher than the values 

found in this study, however, milk samples were collected 2 to 6 times per week in their study. 

More measurements and different validation methods may affect the results of prediction equations 

obtained. Similar to the results found in this thesis, Shetty et al. (2017) concluded that adding MIR 

spectral data to prediction equations did not add valuable new information to improve the models. 

Wallén et al. (2018) also found similar results to Shetty et al. (2017). This study looked at the 

prediction of DMI and net energy intake (NEI) from MIR spectra, and found that adding spectral 

data to the prediction equation did not significantly increase prediction capability but found that 
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MIR spectral data could be feasible to predict NEI. Because the MIR spectrum of milk is a 

representation of its molecular composition, it is generally expected to better reflect absorbed feed 

components, as opposed to intake (Wallén et al., 2018). This may be why a feed efficiency trait 

that accounts for some aspect of energy utilization, such as NEI, may achieve greater prediction 

results. Lastly, Dórea et al. (2018) found similar results to the results obtained in the current study. 

They reported an R2 value of 0.60 for a model predicting DMI including MY, metabolic BW, DIM, 

and a selected number of 33 wavelengths of the MIR spectrum. However, they also found similar 

values for R2 for models without the inclusion of MIR spectral information.  

  

3.4.3 Timepoints for Measuring ICR 

 The fitting statistics for prediction equations created for measuring ICR at different 

timepoints relative to the day of milk recording are presented in Table 3.7. As was previously 

mentioned, milk sample collection for the acquisition of spectral data occurred on Wednesdays for 

both herds. The prediction equation for an overall weekly average calculation of ICR had a 

considerably higher R2CV than those for measuring ICR on specific days of the week. This may be 

due, however, to the fact that the number of records for measuring ICR on individual days (ranging 

from 78 to 371) were noticeably lower than the number of records for measuring a weekly average 

(1,625). These results show that measuring ICR on a specific day of the week relative to the day 

of milk recording may not be necessary, and it is possible to predict ICR with moderate accuracy, 

using a weekly average.  
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3.4.4 Predicting ICR in Different Stages of Lactation 

Prediction accuracies for the calculated ICR trait fluctuated throughout the first 150 days 

of lactation (Table 3.8). The R2CV was higher between 101 and 150 DIM than in the other stages 

of lactation. It may be beneficial to predict ICR during this time, since energy intake and usage 

will not be fluctuating as much as other periods of lactation as cows begin to be better able at 

keeping up with the increased energy demands of lactation. Shetty et al. (2017) found similar 

results to this when using the MIR spectra to predict DMI, reporting lower prediction accuracies 

in the first 9 weeks of lactation than those found in weeks 10 to 44. However, they found that RFI 

was predicted more accurately during the first 9 weeks of lactation than throughout the rest of 

lactation, reporting an increase in R2Val of 0.32. Evidently, the accuracy of prediction in different 

stages of lactation changes based on the definition of feed efficiency or intake used. It must be 

noted that when the data was split into the different stages of lactation, the number of records used 

were small. This may affect prediction accuracy, and validation should be performed with a larger 

dataset to confirm the results presented. 

 

3.4.5 Areas of Future Research 

Validation of prediction equations is important in order to ensure that a model is robust 

enough to predict a specific trait in other populations (Shetty et al., 2017). Although an external 

validation was not performed in this study, proper validation ensures that a prediction model can 

function outside of the dataset used to create the model. Future research should be performed to 

determine if the prediction results obtained in this study are consistent in other herds. 
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3.5 CONCLUSIONS 

 

 The efficacy of using MIR spectral information to predict ICR was analyzed using data 

from two research herds. Adding MIR spectral information to prediction equations did not add 

new information to improve ICR prediction models, since similar prediction accuracies were 

obtained when just milk yield and milk components were included in the model. Predicting ICR 

at different timepoints relative to the day of milk recording resulted in lower prediction accuracies, 

and it is possible to obtain moderate accuracies to predict ICR using a weekly average calculation 

of DMI. Prediction models for the University of Guelph herd performed more effectively between 

101 and 150 DIM than later lactation stages, and therefore, this may be the best time to use a 

prediction equation for estimating ICR. Lastly, a validation should be performed to confirm the 

results of this study in an external dataset.   
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3.7 TABLES 

 
 
 
 
 
 
 
 
 
 

Table 3.1: Description of the models used to predict intake 
conversion ratio 

Prediction Model Explanatory variables1 

Model 1 MY 
Model 2 F% + P% 
Model 3 MY + F% + P% 
Model 4 MY + F% + P% + BW 
Model 5 MIR 
Model 6 MIR + MY 
Model 7 MIR + MY + F% + P% 
Model 8 MIR + MY + F% + P% + BW 

1MY: milk yield; F%: fat percentage; P%: protein percentage; BW: 
body weight, MIR: mid-infrared spectral data 
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Table 3.2: Pearson correlations between measured traits 
Trait2 MY F% P% BW MIR ICR 
MY 1      
F% -0.20 1     
P% -0.34 0.36 1    
BW 0.19 0.04 0.16 1   
MIR 0.03 0.04 0.07 0.03 1  
ICR -0.50 -0.33 0.12 -0.10 0.03 1 
1N = 1,625 
2MY: milk yield; F%: fat percentage; P%: protein 
percentage; BW: body weight, MIR: mid-infrared 
spectral data; ICR: intake conversion ratio 
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Table 3.3: Descriptive statistics of traits1 used in daily intake conversion ratio prediction model 
development for University of Guelph and University of Alberta research herds 

Research 
Herd Variable2 Minimum Maximum Median Coefficient of 

Variation (%) 

Guelph3 

DMI (kg) 2.38 68.44 28.49 32.59 
Fat yield (kg) 0.42 2.63 1.26 20.43 
ICR (kg DMI / kg fat) 1.80 61.70 23.67 37.84 
MY (kg) 8.00 48.50 31.50 18.59 
Fat (%) 2.00 8.21 4.00 17.60 
Protein (%) 2.14 4.00 3.14 7.87 
BW (kg) 426.00 786.50 614.50 8.24 

Alberta4 

DMI (kg) 11.51 31.52 21.20 12.37 
Fat yield (kg) 0.28 1.57 0.68 23.54 
ICR (kg DMI / kg fat) 14.65 69.43 31.33 23.31 
MY (kg) 5.75 23.50 17.50 16.77 
Fat (%) 2.13 8.27 3.95 22.28 
Protein (%) 2.54 4.18 3.19 8.20 
BW (kg) 476.00 676.00 597.00 2.54 

1Traits are average daily measures 
2DMI: dry matter intake; ICR: intake conversion ratio; MY: milk yield; BW: body weight 
3Number of records = 1,051; Number of cows = 114 
4Number of records = 574; Number of cows = 27 
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Table 3.4: Descriptive statistics for traits used in daily intake conversion ratio prediction model development in different stages of 
lactation 

Stage of Lactation1 Records Cows Variable2 Minimum Maximum Median Coefficient of 
Variation (%) 

5 – 50 DIM 

  ICR (kg DMI / kg fat) 3.02 61.70 22.31 41.85 

260 92 DMI (kg) 5.17 58.72 27.48 34.40 
  Fat yield (kg) 0.42 2.63 1.26 26.23 

51 – 100 DIM 

  ICR (kg DMI / kg fat) 1.80 62.75 27.13 33.10 

623 130 DMI (kg) 2.38 65.01 23.09 33.47 

  Fat yield (kg) 0.29 2.35 1.09 35.32 

101 – 150 DIM 

  ICR (kg DMI / kg fat) 2.88 69.43 27.68 33.87 

717 123 DMI (kg) 4.09 62.16 22.94 30.60 
  Fat yield (kg) 0.28 1.92 1.02 34.40 

1DIM: days in milk 
2DMI: dry matter intake; ICR: intake conversion ratio 
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Table 3.5: Fitting statistics1 of prediction equations for weekly average intake conversion ratio2  

Predictors in model3 Components R2
Cal R2

CV
 RMSEP 

(kg) RPD 

MY 1 0.25 0.25 8.20 1.15 
F% + P% 2 0.17 0.17 8.61 1.10 
MY + F% + P% 3 0.44 0.45 7.04 1.35 
MY + F% + P% + BW 4 0.44 0.45 7.03 1.35 
MIR 6 0.28 0.31 7.88 1.20 
MIR + MY 2 0.39 0.40 7.36 1.29 
MIR + MY + F% + P% 3 0.44 0.45 7.04 1.35 
MIR + MY + F% + P% + BW 4 0.44 0.45 7.03 1.35 

1R2
CV: coefficient of determination of cross validation; RMSEP: root mean square error of 

prediction (kg); RPD: ratio to performance deviation 
2Number of records = 1,625; Number of cows = 141 
3MY: milk yield; F%: fat percentage; P%: protein percentage; BW: body weight, MIR: mid-
infrared spectral data 
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Table 3.6: Proportion of variance (%) 
explained by each component1 

Component Explained Variance 

1 99.0% 

2 0.82% 

3 0.07% 
1Prediction equation created using Model 7
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Table 3.7: Fitting statistics1 for the prediction of intake conversion ratio calculated at different timepoints relative to the day of milk 
recording2 

Timepoint for measuring ICR Records Cows Components R2
Cal R2

CV 
RMSEP 

(kg) RPD 

Monday 219 91 2 0.20 0.23 7.87 1.13 
Tuesday 152 82 3 0.31 0.34 6.69 1.22 
Wednesday 78 57 2 0.14 0.20 9.01 1.10 
Average of Monday & Tuesday 371 105 2 0.24 0.26 7.46 1.16 
Weekly Average 1,625 141 3 0.44 0.45 7.03 1.35 

1R2
CV: coefficient of determination of cross validation; RMSEP: root mean square error of prediction (kg); RPD: ratio to performance 

deviation 
2Milk recording took place on Wednesday  
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Table 3.8: Fitting statistics1 for the prediction of intake conversion ratio in different stages of 
lactation within the first 150 days in milk 

1R2CV: coefficient of determination of cross validation; RMSEP: root mean square error of 
prediction (kg); RPD: ratio to performance deviation 
2DIM: days in milk 
 

Stage of Lactation2 Records Components R2Cal R2CV 
RMSEP 

(kg) RPD 

5 – 50 DIM 260 3 0.32 0.34 7.81 1.22 
51 – 100 DIM 483 3 0.44 0.43 6.66 1.32 

101 – 150 DIM 523 3 0.48 0.48 6.81 1.38 
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CHAPTER 4: GENERAL DISCUSSION AND CONCLUSIONS 

 

4.1 RESEARCH OBJECTIVES RESTATED AND KEY RESULTS 

 

 With rapidly changing global consumer demands, a rising cost of feed, and growing 

awareness of the environmental impact of the dairy industry, feed efficiency or feed intake traits 

are being heavily considered for inclusion in a breeding objective for Holstein cattle (Hemme et 

al., 2014; Connor, 2015; Pryce et al., 2015). However, individual cow feed intake is difficult and 

expensive to measure in practice, so the use of a predictor trait may be beneficial (Shetty et al., 

2017). Mid-infrared (MIR) data could provide a cost effective, indirect measurement of feed 

efficiency, using technology that is already used in regular milk recording (Shetty et al., 2017). 

The objective of this study was to provide a preliminary analysis of the use of MIR spectral data 

as a predictor for phenotypes of feed efficiency in the Canadian Holstein population.  

 The first chapter of this thesis provided a general introduction to the research performed in 

this study and stated the research objective. The second chapter provided necessary information 

on the current state of the Canadian dairy industry, presented insight into novel traits considered 

for inclusion into dairy breeding goals, and summarized the various definitions of feed efficiency. 

It also provided background information on the use of mid-infrared spectral data in the dairy 

industry, and summarized recent literature surrounding the use of MIR to predict feed efficiency 

or feed intake. The use of MIR data to predict feed efficiency and intake traits is relatively new, 

and work has been done by several research groups to determine if high prediction accuracies can 

be obtained (McParland et al., 2014; Shetty et al., 2017; Dórea et al., 2018; Wallén et al., 2018). 
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This project provided a necessary preliminary evaluation of the use of MIR technology to predict 

feed efficiency in Canadian Holstein cattle, which has not been done before.  

 In chapter 3, fitting statistics for the development of separate prediction equations for two 

research herds for a calculated feed efficiency trait were presented and examined. It was concluded 

that the inclusion of MIR spectral data did not improve the accuracies of prediction equations over 

models that only included milk yield and milk components. Prediction accuracies were similar for 

models that only included milk yield and milk components, which are routinely measured and 

stored. This may be a useful discovery, since milk yield and component data are easy to acquire 

for many cows at a low cost. However, if we predict feed efficiency with an equation generated 

using only these traits, we would effectively be selecting for decreased production. Future research 

should consider this and look into ways to better predict variation of feed efficiency that is not 

explained by production traits. Higher prediction accuracies were found when using a weekly 

average DMI in the calculation of the ICR trait than for using DMI from a specific day of the week 

relative to the day of milk recording. Finally, feed efficiency was predicted best within 101 to 150 

days of lactation, so this may be the best time to use a prediction equation to estimate feed 

efficiency. Overall, these results show that it may be possible to use MIR spectral data to predict 

feed efficiency, however, it is possible that feed efficiency can be predicted using just milk yield 

and milk component data. 
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4.2 LIMITATIONS AND AREAS OF FUTURE RESEARCH 

 

4.2.1 Research Herds and Variation in Datasets 

 The data used in this study came from two research herds based out of the University of 

Alberta and the University of Guelph. While research herds are convenient for performing 

preliminary analyses, the prediction equations may perform differently when applied to a 

commercial herd. Herds in a commercial setting have many environmental and management 

factors that influence the production and overall status of the herd. As was evident even with the 

research herds used in this study, there is variation between herds and this can greatly affect 

prediction accuracy. The two herds in this study differed in milk yield, component yield and 

percentage, body weight, and intake. The MIR spectrum is considered to be a representation of the 

molecular composition of the milk, and therefore absorbed feed components, rather than total 

intake (Wallén et al., 2018). Since changes in feed composition can affect milk composition, 

variation in the amount of fat in the milk is likely to create a discrepancy between accuracy of 

prediction equations for ICR in herds with differing average fat yield (Sutton, 1989). There are 

many factors that can influence the production of a herd, and these must be considered before 

applying a prediction equation. Factors include housing method, feed measurement techniques, 

diet, management, climate, and activity levels. Because herds can vary so much, it would be 

difficult to apply one general prediction equation for all cows in Canada. Many equations would 

need to be developed to address the many different influences on herd variation. However, many 

different equations make implementation more difficult. This also emphasizes the need for 

validation of prediction equations, since prediction equations created for one herd may not work 

in another. 
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4.2.2. Other Explanatory Variables 

There are several other traits that may explain variation in feed efficiency that were not 

included in the models in this study. Lactose, which is one of the major components of milk after 

fat and protein, was not included in prediction models due to a lack of available data. Other studies 

examining prediction of feed intake and efficiency using MIR include lactose in prediction models. 

Shetty et al. (2017) found that adding lactose to a prediction model for RFI improved prediction 

results but did not improve results for predicting DMI. Lactose should be considered for inclusion 

in prediction equations in future research to determine if its addition would improve prediction 

accuracies for ICR. Other traits to consider including in a prediction equation for feed efficiency 

include body condition score, metabolic body weight, and height, which may explain further 

variation in feed efficiency. A more efficient cow may have better body condition score or may be 

smaller in size. Additionally, metabolic body weight is affected by actual energy utilization and 

may explain variation in true energy efficiency. Temperature, activity, and rumination time may 

explain variation in energy expenditure, and therefore utilization of consumed feed. Lastly, month 

of birth may be a factor to consider since, especially in the first parity, cows that are born in the 

beginning of the year will be more mature than those born in the last part of the year. This may 

explain additional variation in feed efficiency, because more developed cows may be better able 

to utilize consumed energy.  

For both herds, the distribution of the number of sires of the cows was similar. For both 

the University of Guelph and University of Alberta datasets, the highest contribution of one sire is 

about 10%. Adding a sire variable to a prediction model may further improve prediction accuracy, 

since there is a large distribution of sires used. 
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4.2.3. Difficulties Predicting Feed Intake Using MIR 

The MIR spectrum is generally considered to be a representation of the molecular 

components in an animal’s milk, and therefore the absorbed feed components, rather than total 

feed intake (Wallén et al., 2018). The MIR spectrum may be better able to predict a trait that 

reflects the energy in the consumed feed, since such a trait would reflect the components of the 

feed as well. Various studies have analyzed traits such as net energy intake and effective energy 

intake and reported better prediction accuracies with these traits (McParland et al., 2011, 2012; 

Wallén et al., 2018). A feed efficiency trait that is simply dry matter intake corrected for fat 

production may not be the best to use, and more research should be done on the efficacy of MIR 

spectral data to predict other traits, such as the aforementioned ones, in Canadian Holsteins. 

 

4.2.4 The Need for Validation 

An external validation was not performed in this study. In order to ensure that a prediction model 

is able to accurately predict feed efficiency in other datasets, a prediction model must be externally 

validated. As previously stated, there is great variation that exists between herds, and this affects 

the capability of MIR spectral data to predict feed efficiency. According to Shetty et al. (2017), 

validation ensures robust models and prevents over- and under-fitting of models by finding optimal 

dimensionality of the model. Proper external validation will ensure that a prediction equation will 

function as expected outside of the dataset it was created in. Future research should focus on the 

creation of an external dataset and validating the prediction equations developed in this study in 

other herds.  
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4.2.5 Other Methods for Creating MIR Prediction Equations 

As mentioned previously, it is difficult to predict feed efficiency and intake using MIR 

spectral data, since the spectra gives information on the ingested feed components rather than total 

feed intake. While partial least squares regression (PLSR) is the method of choice for the creation 

of prediction equations using MIR spectral data, some studies have assessed the use of methods 

other than PLSR in predicting feed intake and efficiency. Dórea et al. (2018) examined the ability 

of artificial neural network (ANN) and wavelength selection through Bayesian network to predict 

dry matter intake (DMI),  in comparison to traditional PLSR methods.  Dórea et al. (2018) found 

that ANN improved prediction accuracy when used by itself and when combined with wavelength 

selection through BN. Similarly, Wallén et al. (2018) evaluated the use of best linear unbiased 

prediction to predict DMI in Norwegian Red dairy cows but found that prediction accuracies did 

not considerably change. Therefore, other methods should be evaluated to optimize prediction 

accuracy for feed efficiency. 

 

4.2.6. Ability for Selection 

 Lastly, research should be performed looking at the incorporation of a predictor trait for 

feed efficiency into selection indexes. Specifically, the heritability of a predicted feed efficiency 

trait should be estimated, and correlations between the predicted trait and other traits included in 

the index should be calculated. This kind of research is important in regards to including such a 

trait into a selection index, in order to determine whether the trait is feasible to select for, and the 

effect the inclusion of the trait into the index would have on existing traits. 
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4.3 FINAL REMARKS 

 

 The results described in this thesis examine opportunities for the use of MIR spectral data 

as a predictor for phenotypes of feed efficiency for two research herds of Holstein cattle. While 

prediction accuracies for models including MIR spectral data were moderately high, accuracies 

for models that only included milk yield and milk components were similar or higher. Mid-infrared 

spectral data has the potential to be used for predicting a feed efficiency trait in Canadian Holsteins, 

if more research is performed. However, predicting feed efficiency using just milk yield and milk 

components may be more accurate. It was found that there is great variation between herds that 

can affect prediction equation results, and external validation is required for prediction equations 

to ensure validity in other herds. More work needs to be done to assess the efficacy of the use of 

MIR spectral data for prediction of feed efficiency, to validate the results found in this study, and 

to develop prediction equations that are robust enough to be minimally affected by between-herd 

variation.   
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