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ABSTRACT 

 

THE EFFECT OF SYNCHRONIZED BREEDING ON GENETIC EVALUATIONS OF 

FERTILITY TRAITS IN DAIRY CATTLE 

 

Colin Lynch                                                                                                        Advisors: 

University of Guelph, 2020                                                                                Dr. Christine Baes 

                                              Dr. Flavio Schenkel 

 

Through the use of timed artificial insemination protocols (TAI), it is possible to alleviate 

the pressure of estrus detection. However, TAI affects the reproductive physiology and 

endocrinology involved in the estrous cycle, leading to genetically inferior cows’ performance 

becoming masked. As genetic programs rely on the collection of accurate phenotypic data, 

phenotypes collected on treated animals likely add bias to genetic evaluations. In this study, to 

assess the effect of TAI, the rank correlation of bulls for a given trait using only TAI records were 

compared to the same trait using only heat detection records. Large re-ranking occurred between 

bulls compared based on either having 100% TAI records or 100% heat detection records, across 

all traits and parities, indicating that a bias does indeed exist. Methods to account for the bias 

created by TAI should be investigated, alternatively, fertility traits should be split via management 

technology into two independent traits. 
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CHAPTER 1: GENERAL INTRODUCTION AND OBJECTIVES 

 

 

 

1.1 GENERAL INTRODUCTION 

Before the turn of the millennium, breeding programs were designed to optimize 

production, with the idea that improvements in management could balance out any deterioration 

in genetic merit of functional traits, such as fertility and health (Butler and Moore, 2018). In 

hindsight, it is clear that this breeding strategy has not worked for fertility traits as evidenced in 

numerous studies highlighting the decline of fertility performance over several decades (Royal et 

al., 2000; Lucy, 2001, López-Gatius et al., 2003). Though intense selection for milk production 

has been suggested as the main reason for the decline in fertility performance, it is essential to 

remember that fertility is controlled by multiple factors that have likely each contributed to its 

deterioration (Walsh et al., 2011). A complex interaction exists between genetics, management 

and nutrition, with each playing a critical role in dictating fertility performance (Leblanc, 2010; 

Roelofs et al., 2010). Inefficiencies in these three factors have resulted in the percentage of estrus 

cows that stand to be mounted declining from 80% to 50%, and the duration of mounting activity 

has dropped from 15 to 5 hours, over the last 50 years (Dobson et al., 2008). Estrus detection drives 

fertility performance in dairy herds, but the above factors combined have made conventional estrus 

detection methods more difficult, increasing the uptake of reproductive management technologies 

(Roelofs et al., 2010; Silper et al., 2017). 

Reproductive management technologies aimed to address the issue of estrus detection can 

be split into two main groups: non-hormone-based and hormone-based methods. Non-hormone 

technologies revolve around identifying the onset of estrus through natural metabolic responses, 
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including automated activity monitors (AAM) and milk progesterone (P4) levels. The premise 

behind AAM are based on cows showing increased movement during estrus (Roelofs et al., 2010). 

In Canada, AAM are the most commonly used management technologies on large (>86 cows) 

dairy farms (Van Schyndel et al., 2019). Measurement of milk P4 levels is another tool with a 

growing interest in the dairy industry, providing a good indication of a cow's reproductive status 

(Friggens and Chagunda, 2005; Friggens et al., 2008). This tool relies on identifying when milk 

P4 levels drop below 5-8ng/ml (depending on stringency), which happens regularly around day 17 

of the cow’s estrous cycle (Blavy et al., 2016). During this time a new dominant follicle develops 

and ovulates around day 21 (Blavy et al., 2016). The efficiency of AAM and P4 to detect estrus 

and predict ovulation time is generally reported between 80 and 100%, making both technologies 

extremely efficient for this task (DeLaval International, 2011; Saint-Dizier and Chastant-Maillard, 

2012; LeRoy et al., 2018). 

Breeding methods using hormones conventionally known as hormonal synchronization 

protocols or timed artificial insemination (TAI) synchronize follicle growth, corpus luteum 

regression, and ovulation, allowing for uniform breeding of animals (Cerri et al., 2004a). The most 

commonly used on-farm TAI methods today stem from and include the Ovsynch protocol (Pursley 

et al., 1995; Caraviello et al., 2006), with several variations and advancements allowing for 

pregnancy rates to reach between 40 and 50% in high producing dairy cows (Santos et al., 2017). 

TAI is now routinely used on Canadian farms, with the Canadian Dairy Network reporting that in 

2017 approximately 30% of herds had more than 50% of their breeding done on one or two days 

of the week, suggesting the use of timed AI (Van Doormaal, 2018).      

The aforementioned management technologies have shown positive results in terms of 

improved animal phenotypes. However, their impacts on genetic evaluations have not yet been 



3 
 

investigated. To better understand the genetic element behind reproductive performance and to 

quantify the factors affecting it, accurate data and valid analytical techniques are required 

(Leblanc, 2010). Potential issues are more associated with the TAI technologies, as they change 

the natural reproductive physiology and endocrinology involved in the estrous cycle, masking an 

animal's true innate phenotype. As genetic programs rely on the collection of accurate phenotypic 

data, phenotypes collected on treated animals likely add bias to genetic evaluations (Tsuruta et al., 

2000; Bouquet and Juga, 2013). This research investigates the driving elements behind fertility 

performance and provides insight into the potential biases present in the current genetic evaluations 

of female fertility traits in the Canadian Holstein population.   

 

 

1.2 OBJECTIVES 

The specific objectives of this research were: 

1) To understand the driving mechanisms behind fertility performance in dairy cows. 

2) To assess the potential bias that TAI might add to the estimated genetic parameters and 

breeding values of female fertility traits in Canadian Holstein dairy cows.  
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CHAPTER 2: LITERATURE REVIEW: 

DRIVING MECHANISMS OF FERTILITY PERFORMANCE IN DAIRY COWS 

 

 

2.1 INTRODUCTION 

Dairy cow fertility represents an animal's ability to conceive and maintain a pregnancy 

when inseminated at the appropriate time during ovulation (Darwash et al., 1997). Fertility 

performance is a major factor in determining the overall profitability and efficiency of a dairy herd 

(Plaizier et al., 1998; Inchaisri et al., 2010; Cabrera, 2014). Decreased fertility performance leads 

to increased insemination and veterinary costs, changes in length and persistency of the lactation, 

increased culling rates and alterations to the timing of future lactations (Boichard, 1990; Ribeiro 

et al., 2012). In Canada, producers aim to maintain balanced production across the year to meet 

quota and therefore need strict calving intervals for cow groups within their herd to maximize 

profits (Kalantari and Cabrera, 2012). Nevertheless, decades of breeding programs were designed 

to solely optimize production. The idea was that intense selection of milk coupled with 

improvements in management could balance out any deterioration in genetic merit of functional 

traits, such as fertility and health traits (Butler and Moore, 2018).  

In hindsight, it appears this breeding strategy has not worked for fertility traits with 

numerous studies highlighting the decline of fertility over several decades. Lucy (2001) found that, 

from 1970 to 2000, 143 herds across the US had increased milk production from 6,500 kg to just 

under 9,000 kg per lactation. On the other hand, both calving interval and the number of services 

per conception increased from 13.5 months to 14.8 months and from 1.75 services to 3 services, 

respectively. Royal et al. (2000) compared the fertility records of 2,503 British Friesians between 



7 
 

1975 and 1982 to 714 Holstein Friesian dairy cows between 1995 and 1998. The authors found 

that the pregnancy rate for the first service dropped from 55.6% to 39.7%, averaging a 1% 

reduction per year, while calving interval increased from 370 days to 390 days between the two 

periods. López-Gatius et al. (2003) analyzed records from 12,711 lactations across ten years in 

Spanish Holsten-Friesian dairy cows. They found that per 1,000 kg increase in average milk yield 

there was a reduction ranging from 3.2% to 6% in pregnancy rate and from 4.4% to 7.6% in the 

number of cows cycling. This drop-in fertility performance is partly attributed to the negative 

correlation that exists between production and fertility traits (Hansen et al., 1983; Oltenacu et al., 

1991; Dematawewa and Berger, 1998; Miglior et al., 2017). 

Historically, this antagonistic relationship can be linked to evolutionary development, 

whereby a trade-off occurs between the cow investing energy in milk production for the current 

calf against energy investment in reproduction potential for the next calf, as documented by 

Friggens and Newbold (2007) and Berry et al. (2016). Roche et al. (2011) addressed this and 

highlighted a similar effect documented by Stagg et al. (1998) in beef cattle, where he noted that 

the 'suckling effect' extended the time to first ovulation due to the cow prioritizing the current calf. 

However, as the calf dependence eases, the cow's priorities change to the future calf, in the form 

of returning to cycling and breeding. In the case of dairy cows, this suckling effect is equivalent to 

the intense selection of milk and long lactations, causing the cow to concentrate her available 

energy on production (Roche et al., 2011). These evolutionary mechanisms are ingrained within 

cattle and help to explain the decline in fertility with increasing milk production over several 

decades. 
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Since the beginning of the millennium, there has been an increased emphasis on all 

functional traits, especially fertility, with recent trends showing genetic and phenotypic 

improvements in several countries, including Canada (Berry et al., 2014; Beavers and Van 

Doormaal, 2016). Even with the evident antagonistic relationship between fertility and production, 

improvements in both traits are possible (Berry, 2013). These improvements have been attributed 

to advancements in the three branches affecting fertility: genetics, management and nutrition. In 

terms of genetics, the introduction of multi-trait selection indexes, genomic selection and an 

increasing number of available records have resulted in more fertile animals bred every generation 

(Berry et al., 2014). Nutritional improvements in understanding correct animal body condition 

score (BCS) throughout the lactation and dry period have given animals an increased chance to 

produce healthy ovum and to have a uterus capable of supporting a pregnancy (Edmonson et al., 

1989; Snijders et al., 2000). Technological advancements in management for heat detection 

protocols, such as activity monitors, and in estrous cycle control through hormonal 

synchronization protocols have increased pregnancy rates as well as labour efficiency rates (Cerri 

et al., 2004a; Saint-Dizier and Chastant-Maillard, 2012). Though each of these factors has 

contributed to increased fertility performance, the degree of contributions is still unknown. 

Throughout this review, these three factors are discussed in-depth, outlining their impact on 

fertility performance within Canada and across the globe. 
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2.2 GENETIC SELECTION 

Intense selection for milk production has been identified as the root cause of fertility performance 

deterioration in dairy cattle. In a study involving 16 countries, Pryce et al. (2014) reported a 1.25 

days/year world mean deterioration in calving interval between 1990 and 2000, which plateaued 

in 2006 partly thanks to the introduction of balanced selection indices. In Canada, genetic selection 

of fertility began with the introduction of four measures through the Daughter Fertility (DF) index 

in 2004. These traits were age at first service in heifers, calving to the first service in cows and 56-

day non-return rate in heifers and cows (Jamrozik et al., 2005). In 2008, the DF formula 

incorporated new fertility traits in both, cows and heifers, which included first service to 

conception and number of services, as well as days open for cows. Since calving can affect the 

subsequent fertility of the cow (Jamrozik et al., 2005), several traits related to calving performance 

and calf survival were also published, namely calving ease and calf survival at first and later 

calvings for both maternal and sire calving (Van Doormaal, 2007). The traits were placed within 

two new indexes, Daughter Calving Ability and Calving Ability (Van Doormaal, 2007). 

Definitions for the fertility traits within DF are provided in Table 2.1. Calving traits, such as 

gestation length, calving ease, calf survival and maternal calf size, will not be investigated in-depth 

as they are not the primary objective of this review. 

Since the introduction of DF in 2005, it's weighting within the Lifetime Profit Index (LPI) 

has gradually increased. In 2005, DF had a weighting of 7%, which increased to 10% in 2008 

(Muir, 2011). However, even with this weighting, DF had a decrease in genetic performance of 

0.12 standard deviation units from 2006 to 2011 (Muir, 2011). In 2015, weighting on DF increased 

to 13%, and this increased weighting coupled with increased usage of genomics has shifted the 

curve of DF, showing a gain of 0.38 standard deviation units between the years 2011-2016 
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(Beavers and Doormaal, 2017). Genomic predictions have allowed for increased accuracy of 

selection through the combined use of genotypic, phenotypic, and pedigree data (VanRaden et al., 

2009). Improved accuracies have resulted in a reduced generation interval as cows and bulls can 

be selected earlier in life, without requiring phenotypic information, which lead to an increased 

response to selection (Schefers and Weigel, 2012). 

Though fertility performance is improving, it is important to understand the influence of 

genetic selection behind this improvement, as multiple factors control fertility. Upon reviewing 

the literature for the current fertility traits, there were reports dating back to the 1920s, with all 

traits classified before the 1950s (Eckles, 1929; Casida and Venzke, 1936; Chapman and Casida, 

1936; Morgan and Davis, 1938; Weeth and Herman, 1949). A potential issue with this 

classification of fertility traits is the way breeding cows has changed, moving from natural service 

to artificial insemination (AI) and increasing the effect of management on the current definition of 

fertility performance. Therefore, an assessment of current fertility traits is required to understand 

if they provide a true indication of fertility performance compared to management efficiency. It 

must be determined if the current traits meet the four criteria that potential traits must have to be 

considered for selection, as outlined by Shook (1989). First, the trait must exhibit significant 

genetic variation and be heritable. Second, the trait should have an associated economic value in 

terms of reducing production costs or increasing production output. Third, the trait must have a 

clearly defined measurement, which is easy and cheap to record. Last, potential indicator traits that 

better meet the criteria above, with a high correlation to the economically important trait, should 

be considered.  
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With respect to the first criterion, there is limited literature documenting clear information 

on genetic variation of fertility traits. This lack of clear information is caused by large residual 

variation as a result of a large environmental effect influencing phenotypic values (Miglior et al., 

2017). However, a study by Berry et al. (2014) found that across available studies the mean 

coefficient of genetic variation (CVg), which is the genetic standard deviation as a percentage of 

the phenotypic mean, is 7% for calving to first service and 2% for calving interval. Recent research 

by Muuttoranta et al. (2019) estimated calving to first service CVg to be 8% in first and second 

parity animals and 9% in the third parity, indicating that considerable genetic variation in 

reproductive performance does exist. Heritabilities of fertility traits are relatively low throughout 

the literature, with most studies documenting values below 0.1 (Ranberg et al., 2003; Kadarmideen 

et al., 2003; Pritchard et al., 2013). Low heritabilities are a consequence of poor data collection 

and the strong influence of non-genetic effects, such as farm management decisions, on the 

phenotypic variance of these traits (Hayes et al., 1992; Campos et al., 1994). Results from Pryce 

et al. (1998) support this observation since they found larger heritability estimates of fertility traits 

when they used records collected from an experimental farm under controlled management. More 

uniform data collection is therefore required to increase the associated heritabilities of these traits, 

thus increasing the response to selection across generations. 

The second criteria is that a trait must have an associated economic value. Throughout the 

literature, it is evident that improvement of the current fertility traits is associated with increased 

farm profitability (De Vries, 2006; Cabrera, 2014). González-Recio et al. (2004) calculated 

economic values for calving interval and number of services which were -$4.90 USD and -$67.32 

USD/year/cow/one-unit change caused by an increase in non-productive days, respectively. 

Similarly, Plaizier et al. (1997) calculated the economic value for calving interval to be -$4.7 
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CAD/year/cow/one-unit change, again due to increased non-productive days. Concerning days 

open, Meadows et al. (2005) estimated losses ranging from $0.44 USD to $1.71 

USD/day/cow/year depending on lactation and production potential. Groenendaal et al. (2004) and 

De Vries and Conlin (2003) calculated similar values, estimating losses for days open of up to $3 

USD and between $0.73-$1.24 USD/day/cow/year, respectively. More recent work by Cabrera 

(2014) found that each additional day open cost between US$5.2 and US$6.0, with these higher 

costs likely due to alternative calculating methods and inflation. In general, perceived 

improvement of fertility traits is linked to increased conception rates (LeBlanc, 2010). Vargas et 

al. (2002) and Boichard (1990) calculated the economic value of herd conception rates and found 

there is an increased profit of between $1.14 and $2.14 USD/year/cow for every 1% increase in 

conception rate. This increased profit is due to a reduction in input costs, and also a reduction in 

the days that animals did not produce milk (Dekkers, 1991). These findings indicate that improving 

fertility traits increases economic efficiency.  

The third criteria is that traits must have a clearly defined measure that is easy and cheap 

to record, which is the case of the current fertility traits. However, records are often an inaccurate 

representation of an animal's true performance as the traits are highly influenced by management. 

For example, calving to first service is highly regulated by when a farmer decides to inseminate a 

cow. Highly fertile cows on a farm with poor estrus detection will be recorded as poor fertile 

animals (Tenghe et al., 2015). Calving interval is another trait greatly influenced by management 

whereby high yielding cows are often milked over the standard 305-day lactation, resulting in a 

longer calving interval (Wall et al., 2003). Another issue is that multiple fertility traits, such as 

days open, calving interval or number of services per conception, can be seen as biased as they 

only account for animals that become pregnant (Leblanc, 2010). Non-return rate is also biased as 
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it overestimates the number of cows that are pregnant, as animals are assumed pregnant after 56 

days (Leblanc, 2010). Though these traits are easily defined and cheaply recorded, it is clear that 

the current fertility traits do not meet the third criteria, given the potential inaccuracy and bias of 

the recorded data.  

The last criteria is that potential indicator traits that better meet the previous criteria, with 

a high correlation to the economically important trait, should be considered. Throughout the 

literature, one can find numerous studies highlighting potential indicator traits, of which two will 

be discussed here. BCS and some endocrinal measures have been shown to be good indicators of 

fertility traits. BCS has an estimated heritability ranging from 0.2 to 0.5, indicating a moderate to 

high genetic control and potential for selection (Jones et al., 1999; Pryce et al., 2000; Berry et al., 

2003a; Zink et al., 2011). Genetic correlations between fertility traits and BCS indicate moderate 

correlations between BCS, days open (-0.24) and calving to first service (-0.23) (Dechow et al., 

2004; Tiezzi et al., 2013). Across all measures of fertility, Tiezzi et al. (2013) reported moderate 

correlations with BCS to fertility in first (−0.28 to 0.5) and second (−0.39 to 0.25) lactation. The 

potential of BCS as an indirect indicator of fertility was reviewed by Bastin and Gengler, (2013) 

who highlighted the sufficient heritability and genetic variation seen, the ease and quickness to 

measure, and the moderate correlation between BCS and fertility to support the idea of genetically 

selecting for BCS.  

The investigation into endocrine fertility traits as potential indicators of fertility began in 

the late 1970s (Bulman and Lamming, 1978). Researched endocrine traits include: days from 

calving until the commencement of luteal activity, interval from the commencement of luteal 

activity to the first service, first luteal phase length, length of first inter luteal interval, and length 
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of the first inter-ovulatory interval (Tenghe et al., 2015). The main advantage of endocrine traits 

is that they better represent the physiology and metabolic status of the cow, leading to improved 

heritabilities compared to traditional fertility traits (Sorg et al., 2017; Tarekegn et al., 2019). 

Furthermore, studies have indicated positive moderate genetic correlations between several 

endocrine traits and traditional fertility traits, including between calving to first service, the 

commencement of luteal activity (0.35) and inter-ovulatory interval (0.76) (Nyman et al., 2014). 

Tenghe et al. (2015) reported moderate correlations between the commencement of luteal activity, 

calving interval (0.26) and calving to first service (0.37), indicating the potential for indirect 

selection. The use of endocrine traits has been successfully integrated into management practices 

with milk progesterone concentrations used to identify metabolic events (see management section) 

(DeLaval International, 2011). 

Overall, the current fertility traits do not fully meet the criteria set out by Shook (1989), 

with continued research required to identify clearer indicators of animal fertility. Recent trends 

have shown improved genetic and phenotypic performance across countries, with evident 

economic gain from improving the current traits (Groenendaal et al., 2004; Meadows et al., 2005; 

Berry et al., 2014). The reasoning behind the improvements is questionable though and potentially 

may not be due to genetics. As previously mentioned, an antagonistic relationship has been 

described between fertility and production historically, meaning that we expect to see reduced 

fertility performance in higher-yielding cows across the population. However, research by Laben 

et al. (1982) comparing herds averaging between 5,000 kg and 10,000 kg/cow/year, reported that 

days open was 21 days shorter on high producing herds compared to low producing herds. This 

work is supported by Nebel and McGilliard (1993) who looked at records from 4,550 US herds 

and found that as production increased from 6,300 kg to 10,000 kg, there was a decrease in days 
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open of 19 days. Interestingly though, conception rates also decreased by 12%, indicating that the 

improvement in days open was due to higher heat detection rates. Foster et al. (1988) found similar 

results, reporting that a genetic increase in milk production of 150 kg was associated with an 

increase in number of services of 0.05, but a reduction of 0.59 days open and 0.05 for calving 

interval. These studies are in contradiction with studies by Royal et al. (2000), Lucy (2001) and 

López-Gatius et al. (2003), indicating that fertility performance may be better linked to improved 

nutrition and fertility management practices on farms. Overall, it is clear that there is a large 

environmental influence on fertility traits, and when we combine it with the potential inaccuracy 

of records, it explains the low heritability of fertility traits. In turn, this makes it difficult to 

discriminate between fertile animal genotypes, making selection less effective (Leblanc, 2010; 

Tenghe et al., 2015). It is therefore critical that potential novel indicator traits continue to be 

investigated, in order to provide innovative ways to understand and exploit the genetic influence 

on dairy cow fertility.   

 

 

2.3 NUTRITIONAL MANAGEMENT 

Nutritional management of an animal begins at the fetal stage and is dependent on the 

condition of the mother during the pregnancy (Caton et al., 2019). Jamrozik et al. (2005) 

documented that maternal effects account for a proportion of the variation of female fertility traits 

in Canadian Holsteins. This variation is likely due to the cow's gestation period playing a critical 

role in the organization of uterine development and the determination of the functional capacity as 

well as embryotrophic potential of the adult uterus (Spencer and Bazer, 2004). Unfortunately, there 
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are limited studies investigating the effects of maternal nutrition on the postnatal fertility 

performance of offspring in dairy cattle (Schoonmaker, 2014). From available research, Pryce et 

al. (2002) found no effect of diet during the early pregnancy of the dam on the fertility performance 

of offspring. In beef cattle, cows supplemented with protein in late gestation resulted in heifers 

that were heavier at breeding and had higher pregnancy rates (Martin et al., 2007). Mossa et al. 

(2013) also found that inadequate nutrition during the second trimester of pregnancy is associated 

with a reduced number of ovarian follicles in offspring. In sheep, ewes with restricted nutrition 

during the second trimester had offspring with reduced litter sizes during their first parturition 

(Long et al., 2010). Given these findings, further research is required in dairy cattle to understand 

the true effect of maternal nutrition throughout pregnancy on offspring fertility.  

Rearing replacement heifers accounts for approximately 20% of total farm costs, meaning 

heifer growth rates have a large impact on dairy farm profitability (Heinrichs, 1993; Gabler et al., 

2000). Nutrition of pre-weaned and weaned calves plays a large role in dictating age at first service 

(AFS), as heifers can be bred at 60% of their mature weight (Moore et al., 1990; Heinrichs et al., 

2005). Hare et al. (2006) observed age at calving changed from 28 months in 1980 to 25.5 months 

in 2004. Accounting for the pregnancy time of roughly 9.5 months, there was also a reduction from 

around 18.5 to 16 months old for AFS in the Holstein population. Through this period, genetic 

selection revolved around production, suggesting that this reduction was due to improved nutrition 

and management practices (Hare et al., 2006). Lammers et al. (1999) investigated the effect of the 

plane of nutrition on age at puberty and found that heifers (aged 4.5–9.5 months) fed an accelerated 

growth diet (1000g/d) reached puberty one month faster than similar heifers on a standard growth 

diet (700g/d). After the introduction of AFS into numerous selection indices around 2004, 

including the Canadian selection index, selection pressure combined with nutritional management 
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has reduced AFS to between 14 and 15 months old, allowing for calving around two years old 

(Jamrozik et al., 2005; Heinrichs et al., 2017). Efforts to further reduce AFS have negatively 

impacted animals' ability to support their genetic potential for milk production and fertility 

performance (Ettema and Santos, 2004; Heinrichs et al., 2013). However, a review study by 

Heinrichs et al. (2017) stated that these issues could be negated with continued advancements in 

genetics and nutritional management, predicting that AFS may drop to 12.5 months old in Holstein 

cattle.     

Later in life, nutritional management of dairy cows affects several other fertility 

parameters. For example, inadequate nutrition has been linked to prolonged calving to first service, 

as well as reduced submission and conception rates (Buckley et al., 2003; Rhodes et al., 2003; 

Butler, 2014). These issues occur as cows must intake enough energy to meet the demands of their 

different energy sinks, which include milk production, reproductive environment, immune system 

and body weight maintenance (Rauw et al., 1998; Friggens and Newbold, 2007). The growth of 

ovarian follicles is dependent on the nutrient availability and the metabolic environment of the 

dam, with earlier post-calving growth associated with higher fertility (Spicer et al., 1990; Darwash 

et al., 1997). Therefore, if a cow does not receive enough energy through her diet, it may cause her 

fertility performance to be compromised. 

Insufficient energy intake to meet demands is inevitable at times for a cow, such as during 

the transition period, defined as the interval from 3 weeks before to 3 weeks after calving 

(Drackley, 1999). During the 3 weeks post calving, nutrient intake is not sufficient to meet the 

demands of high-producing animals, and the animal enters a negative energy balance (NEB) 

(Bertoni et al., 2009). Thus, to satisfy demands, it is common for substantial amounts of body 
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tissue to be mobilized in early lactation (Waltner et al., 1993; Domecq et al., 1997). Through the 

high-intensity selection of milk production over previous decades, this problem may have been 

amplified, with increased milk production associated with a greater loss of body reserves (Pryce 

et al., 2002; Berry et al., 2003b). If too much body tissue is mobilized, cows can experience 

metabolic stress, which is characterized by oxidative stress and inflammatory dysfunction (Abuelo 

et al., 2015; Ling et al., 2018). Metabolic stress can create health problems such as subclinical 

ketosis, with between 45% and 60% of dairy cows across all management systems developing 

metabolic and infectious diseases in early lactations (Santos et al., 2010; Ribeiro et al., 2013a). 

The stress of production and disease reduces the animal's capability to allocate energy reserves 

towards reproduction, with the time an animal takes to recover from their highest NEB highly 

correlated with a return to cycling (De Vries and Veerkamp, 2000). From the point of highest NEB, 

cycling roughly begins about 10-14 days later (Butler, 2003).  

One proven way to reduce the negative effects of high mobilization rates in early lactation 

animals is to ensure that a cows BCS is within the recommended ranges throughout lactation and 

the dry period. Multiple studies across different production systems have linked BCS to improved 

cow fertility (Berry et al., 2003a; Roche et al., 2009; Fenlon et al., 2017). Optimally, cows should 

be dried off at a BCS between 2.50 and 2.75 to allow for a slight increase in BCS during the dry 

period when energy for milk production is not required (Crowe, 2008). At calving, BCS should be 

between 3 and 3.25, with post-partum body condition loss restricted to <0.50 BCS units (Crowe, 

2008; Ribeiro et al., 2013b). Keeping animals in this range increases reproductive efficiency while 

reducing the incidence rate of diseases (Domecq et al., 1997; Markusfeld et al., 1997; Ribeiro et 

al., 2013b). Snijders et al. (2000) found that animals with poor BCS around breeding produced 

poor quality oocytes with reduced blastocyst count. Roelofs et al. (2010) reported in a meta-
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analysis of 15 studies that a loss of more than one unit of BCS after calving and a low BCS at first 

insemination (<2.50) resulted in a significant increase in the number of days open. Overall, it is 

evident that nutritional management plays a significant role in determining fertility performance 

on dairy farms, by allowing animals to reach their full genetic potential to be expressed. 

 

 

2.4 MANAGEMENT 

Fertility management practises in the form of novel tools and technologies have been 

developed and adopted on commercial dairy farms over the preceding decades (Moore and 

Thatcher, 2006; Moore and Hasler, 2017). Novel technologies have increased fertility performance 

through methods of identifying estrus, such as automated activity monitors (AAM) and milk 

progesterone (P4) levels, and through methods of estrus control, in the form of hormonal 

synchronization protocols also known as timed artificial insemination (TAI) (Løvendahl and 

Chagunda, 2010; Denis-Robichaud et al., 2016; Bruinjé et al., 2019). The drive behind the 

development of these technologies was to address the decline in fertility performance seen across 

countries (Moore and Thatcher, 2006). It has been reported that high selection pressure on milk 

was the root problem, however changes in management practice may also have played a role 

(Leblanc, 2010). As noted in the section 2.2 Genetic Selection, conventionally, most cows were 

mated through natural service, however breeding methods have shifted to AI, whereby AI 

increased from around 50% of services in 1975 to 75% in 1985 (Van Doormaal and Kistemaker, 

2003). A survey by Van Schyndel et al. (2019) reported roughly 80% of farms used only AI, while 

16.8% used both AI and natural service, indicating the continued increase in AI. This shift to AI 
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has led to a considerable management influence in dictating herd fertility performance. In Canada, 

visual heat detection remains the most common method for identifying animals in heat (Van 

Schyndel et al., 2019). To achieve high submission rates of around 90%, visual observation of 

cows needs to be done for 20 minutes 3 to 5 times per day (Diskin and Sreenan, 2000). However, 

increasing herd sizes coupled with decreases in estrus expression for high producing dairy cows 

have made conventional visual heat detection more difficult, further increasing the uptake of novel 

technologies (Kerbrat and Disenhaus, 2004; Lopez et al., 2004; Saint-Dizier and Chastant-

Maillard, 2012).  

Diskin and Sreenan (2000) outlined the impact of heat detection in determining fertility 

performance, where they calculated the expected proportion of animals pregnant after 90 days 

based on varying levels of heat detection and conception rates (Table 2.2). It is evident from Table 

2.2 that even with exceptional conception rates, if heat detection is weak, then overall reproductive 

performance will be reduced. Inchaisri et al. (2010) calculated the economic consequences of 

varying estrus detection rates on farms of moderate fertility performance and found changing 

estrus detection rate from 30% to 50% and from 50% to 70% increased profit by €53 and €11/cow, 

respectively. Senger (1994) estimated the cost of poor heat detection to the US dairy industry to 

be greater than $300 million USD/year, further highlighting the significant economic impact of 

heat detection. Heat detection technologies have advanced over the years, simple methods such as 

tail painting and pressure-sensitive devices have shown positive results (Hempstalk et al., 2010). 

However, issues with these methods included the paint rubbing off through regular activity, and 

the reduction in mounting behaviour caused by the type of flooring, particularly in intensive 

systems (Platz et al., 2008; Hempstalk et al., 2010). More advanced technologies such as AAM 



21 
 

and milk P4 levels have been adopted with success on commercial dairy farms (Løvendahl and 

Chagunda, 2010; Bruinjé et al., 2019). 

The premise behind AAM are based on cows exhibiting increased movement during estrus 

(Roelofs et al., 2010). In Canada, AAM are becoming more popular, being the most used 

management technologies on large (>86 cows) dairy farms (Van Schyndel et al., 2019). The 

reasoning behind the uptake of AAM was reported by Neves and LeBlanc (2015) in a survey of 

223 farms using AAM. They found the main adoption reasons were a lack of time to detect estrus 

and a desire to improve herd reproductive performance. The efficiency of AAM in detecting estrus 

and predicting ovulation time is generally reported to be over 80% but is dependent on several 

factors, including housing, insemination timing and sensitivity threshold (Saint-Dizier and 

Chastant-Maillard, 2012; LeRoy et al., 2018). Situations in which cows are loosely housed, with 

the ability to express increased activity, provide the best environment for AAM (Diskin and 

Sreenan, 2000; Felton et al., 2012). Given that increased activity occurs hours before ovulation, 

Hockey et al. (2010) and Roelofs et al. (2005b) found that on average ovulation occurs 29-33hrs 

after the onset of increased activity and 17-19hrs after increased activity has ceased in Holstein 

cows. However large variation was seen across results, meaning AI timing is still a considerable 

challenge. Cow factors also play a role in the efficiency of AAM. Aungier et al. (2012) reported 

that for each additional 0.25 BCS units, up to a BCS of 2.75, increased the detection rate of AAM 

by a factor of 1.38. Chanvallon et al. (2014) reported the effect of milk yield on AAM performance 

and found that cows producing more than 40 kg/day had a sensitivity of 36% compared to 68% in 

cows producing less than 35 kg/day. In a simulation study by Pfeiffer et al. (2020), they calculated 

a net return of 19-46 €/cow in Holsteins by using AAM, with variation due to alternative 

management environment. 
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Milk P4 level is another tool with a growing interest in the dairy industry, providing a good 

indication of a cow's reproductive status (Friggens and Chagunda, 2005; Friggens et al., 2008). In 

addition to detecting estrus, milk P4 levels allow farmers to observe pregnancy, embryonic 

mortality and ovarian cysts (Claycomb and Delwiche, 1998; Ranasinghe et al., 2011). Tools using 

milk P4 levels such as HerdNavigator, developed by Laval®, are currently in operation on 

commercial farms, showing heat detection rates up to 95% (DeLaval International, 2011). 

HerdNavigator is an in-line milk analysis system that automatically samples and quantifies milk 

P4 levels, every two days, using a biosensor technology that enables predictions of the start and 

end of the luteal phase, estrus and determining pregnancy status (DeLaval International, 2011; 

Bruinjé et al., 2019). The premise behind the idea is to identify when milk P4 levels drop below 

5-8 ng/ml, which normally happens around day 17 of the estrous cycle. During this time, a new 

dominant follicle develops and ovulates around day 21 (Blavy et al., 2016).  Estrus detection rates 

have been reported as high as 90-100% for milk P4 level (Ingenhoff et al., 2016). However, the 

major issues regarding milk P4 are that measurements can show large variability due to 

measurement techniques and calibration methods (Adriaens et al., 2017), with large variation also 

reported within and between cows cycles (Friggens and Chagunda, 2005; Blavy et al., 2016). 

Recently developed mathematical models have attempted to account for these factors, allowing 

for estrus detection rates of 100% in recent research from Belgium, but requires further 

investigation (Adriaens et al., 2017, 2018). While P4 is a promising tool, further research is still 

required to determine the optimum sampling frequency and the relationship between cows milk 

P4 profile and the timing of AI, to further improve reproductive performance (Adriaens et al., 

2018; Bruinjé et al., 2019).   
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Controlling the estrous cycle by use of TAI is an alternative means of improving herd 

fertility performance. TAI protocols synchronize follicle growth, corpus luteum regression and 

ovulation, allowing all animals to be inseminated regardless of heat detection (Colazo and 

Mapletoft, 2014). The most commonly used protocols on-farm today stem from and include the 

Ovsynch protocol (Caraviello et al., 2006), which involves two injections of Gonadotropin-

releasing hormone (GnRH) nine days apart and an injection of prostaglandin seven days post the 

initial injection of GnRH (Pursley et al., 1995). Originally, Ovsynch was achieving pregnancy 

rates of around 37% (Pursley et al., 1997). Since then, several variations have been developed with 

commercial success including Presynch-Ovsynch, Double-Ovsynch and PRID-Synch (Moreira et 

al., 2001; Souza et al., 2008; Ribeiro et al., 2011; Santos et al., 2016). These advancements have 

allowed pregnancy rates to reach between 40 and 50% in high producing dairy cows (Santos et al., 

2017). Specific details of these protocols, as well as others, can be found in a review paper by 

Colazo and Mapletoft (2014). Achieving these levels of reproductive performance coupled with 

the reduction in labour requirements surrounding estrus detection has resulted in a large uptake of 

TAI. In Canada, the Canadian Dairy Network reported that in 2017 approximately 30% of herds 

had more than 50% of their breeding done on one or two days of the week, suggesting the use of 

TAI (Van Doormaal, 2018). This number is much higher in the US, whereby 87% of herds were 

estimated to be using TAI (Caraviello et al., 2006).   

The impact of TAI in terms of reproductive and economic improvements are more 

pronounced on farms with low estrus detection (<50%) (Leblanc, 2001; Tenhagen et al., 2004), 

with little difference on farms with high estrus detection (60%+) (Leblanc, 2001; Galvão et al., 

2013). Poor estrus detection on-farm is related to many factors, including a lack of time and skill 

to visually identify estrus (Denis-Robichaud et al., 2016), and a low frequency and duration of 
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estrus in primarily high producing dairy cattle  (Lopez et al., 2004; Madureira et al., 2015). The 

growing herd sizes annually and a reduction in quality labour, has further increased the uptake of 

TAI across North America. Though TAI has proven to be a very successful management tool in 

dairy cattle, there are potential issues with it. With growing consumer awareness, hormone use 

may turn consumers away from milk products (Saint-Dizier and Chastant-Maillard, 2012). Also, 

concerning genetic selection, TAI affects the reproductive physiology and endocrinology involved 

in the estrous cycle, causing cows' natural fertility performance to become masked, potentially 

resulting in less fertile animals performing similarly to fertile animals (Goodling Jr. et al., 2005). 

As genetic programs rely on the collection of accurate phenotypic data, phenotypes collected on 

treated animals likely add bias to genetic evaluations (Tsuruta et al., 2000; Bouquet and Juga, 

2013). Overall, TAI is an effective management tool, which works extremely well for certain 

farms; however, more investigation into the potential effects of TAI on genetic evaluations of 

fertility traits is required to ensure accurate evaluations are being conducted.  

 

 

2.5 CONCLUSION 

At the beginning of this review, dairy cow fertility was stated to be an animal's ability to 

conceive and maintain a pregnancy when inseminated at the appropriate time to ovulation. 

Concerning the current fertility traits, the simplicity of this definition does not encapsulate the 

complex network involved in determining fertility success. To achieve high fertility performance, 

animals need appropriate nutrition and management to maximize their genetic potential. We have 

seen improvements in dairy cow fertility since the introduction of the DF index in Canada, but it 
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is still not clear what is driving this improvement. Advancements in nutrition, such as 

understanding appropriate BCS and early life feeding together with innovative management 

technologies, including AAM and TAI, have all played a significant role in improving fertility 

performance. Due to the considerable environmental influence on the current traits, it is difficult 

to separate the genetic improvements from improvements from non-genetic effects, such as 

management and nutrition. For the current traits, considerable environmental influence also 

increases the impact of management technologies to determine fertility performance. Therefore, it 

is critical that investigation into more direct indicators of fertility traits and the effects of TAI on 

genetic evaluations of fertility traits are conducted, to better understand the genetic influence on 

dairy cattle fertility.   
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2.7 TABLES 

Table 2.1: Fertility traits definitions 1 

 

 

 

 

 

 

 

 

 

  

 

 

 

Trait  Definition  

Age at first service  Age in days when a heifer is first inseminated. 

Non-return rate Measure if an animal is confirmed pregnant 56 days after 

insemination- animal not showing heat 56 days after insemination. 

 

Number of services  Number of times an animal was inseminated before becoming 

pregnant.  

 

First service to 

conception  

Number of days between the first insemination and the 

insemination that results in a calf (calculated after birth of a calf).  

 

Calving to first service The number of days between calving and first insemination.  

Days open  Total number of days open. The trait representing the number of 

days from calving to conception. 
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Table 2.2: Effect of different heat detection and conception rates on the % of the dairy herd that 

is pregnant 90 days after the onset of the breeding season (adapted from Diskin & Sreenan, 

2000). 2 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Conception rate % 

30 40 50 60 

Heat detection rate 

% 

40 40 50 59 67 

50 48 59 68 76 

70 61 73 82 89 

90 71 83 91 96 
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CHAPTER 3: EFFECT OF SYNCHRONIZED BREEDING ON GENETIC 

EVALUATIONS OF FERTILITY TRAITS IN CANADIAN DAIRY CATTLE 

 

 

3.1 ABSTRACT 

Estrus detection has become more difficult over the years due to decreases in the estrus 

expression of high-producing dairy cows, increased herd sizes and animal density. Through the 

use of hormonal synchronization protocols, also known as timed artificial insemination protocols 

(TAI), it is possible to alleviate the pressure of estrus detection. However, TAI affects the 

reproductive physiology and endocrinology involved in the estrous cycle, leading to genetically 

inferior cows’ performance becoming masked and potentially resulting in a similar performance 

to that of innately fertile animals. As genetic programs rely on the collection of accurate phenotypic 

data, phenotypes collected on treated animals likely add bias to genetic evaluations. In this study, 

to assess the effect of TAI, the rank correlation of bulls for a given trait using only TAI records 

were compared to the same trait using only heat detection records. A total of 840,466 records from 

469,402 cows split across parity 0, 1 and 2 were analyzed, for the traits: calving to first service, 

first service to conception and days open. The data had a total of 5,804 breeding codes, 

corresponding to the breeding protocol that occurred. To account for the wide range of breeding 

codes, three scenarios were created, ranging from strict to lenient classification when defining the 

breeding protocols. In all three scenarios, large re-ranking occurred between bulls compared based 

on either having 100% TAI/hormone records or 100% heat detection records, across all traits and 

parities, indicating that a bias does indeed exist. Methods to account for the bias created by TAI 
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should be investigated and for this, the method by which this data is collected needs to be 

improved, creating a standardized way of recording breeding codes. Alternatively, fertility traits 

should be split via management technology, whereby one trait solely uses TAI records with the 

other using heat detection records possibly in a multiple trait analysis. 

 

 

3.2 INTRODUCTION 

Reproductive goals on dairy farms revolve around increasing the rate at which eligible 

cows become pregnant in an optimal timely manner (Ribeiro et al., 2012). To achieve these goals, 

especially for artificial insemination (AI) programs, estrus detection is crucial (Roelofs et al., 

2010; Silper et al., 2017). Nonetheless, estrus detection has become more difficult over the years 

due to decreases in the estrus expression of high-producing dairy cows due to reduced 

concentrations of circulating estradiol, resulting in up to 60% of ovulations accompanied by no 

standing mount  (Lopez et al., 2004; Wiltbank et al., 2006; Madureira et al., 2015). Also, up to 

48% of cows can be anovular after the voluntary waiting period, limiting submission rates to AI 

after estrus detection (Santos et al., 2009). Furthermore, estrus detection can be affected by 

management factors such as increased herd size, animal density, time standing on concrete, and 

reduced quality labour, adding to the difficulty of the task (Vailes and Britt, 1990; Denis-

Robichaud et al., 2016).  

Through the use of hormonal synchronization protocols, also known as timed artificial 

insemination protocols (TAI), which synchronize follicle growth, corpus luteum regression, and 
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ovulation, it is possible to alleviate the pressure of estrus detection, thus making ovulation time 

easier to predict and increasing overall conception rates (Cerri et al., 2004b; Ribeiro et al., 2012). 

The most commonly used TAI protocols stem from and include the Ovsynch protocol (Caraviello 

et al., 2006). Initially, Ovsynch protocol was achieving pregnancy rates of around 37% (Pursley et 

al., 1997), but more recently variations have been developed with commercial success including 

Presynch-Ovsynch, Double-Ovsynch and PRID-Synch (Moreira et al., 2001; Souza et al., 2008; 

Ribeiro et al., 2011; Santos et al., 2016). These advancements have allowed pregnancy rates to 

reach between 40% and 50% in high producing dairy cows (Santos et al., 2017). 

The impact of TAI in terms of reproductive and economic improvements are more 

pronounced on farms with low estrus detection (<50%) (Leblanc, 2001; Tenhagen et al., 2004). 

The combined control of first insemination, ability to improve fertility of anovular cows, overall 

higher conception rates and economic implications have increased the uptake of TAI (Ribeiro et 

al. 2012). In Canada, TAI is routinely used, with the Canadian Dairy Network (CDN) reporting 

that in 2017 approximately 30% of herds had more than 50% of their breeding done on one or two 

days of the week, suggesting the use of TAI (Van Doormaal, 2018). This number has continually 

increased over the past two decades and shows no signs of slowing down. In the US, the usage of 

TAI is even higher, where 87% of herds were estimated to be using TAI (Caraviello et al., 2006).  

Though TAI has proven to be a successful management tool in dairy cattle, there are 

potential issues with TAI from a genetic breeding program point of view. TAI affects the 

reproductive physiology and endocrinology involved in the estrous cycle, allowing for higher 

conception rates even for genetically low fertile animals. This leads to genetically inferior cows’ 

performance becoming masked and potentially resulting in a similar performance to that of 
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innately fertile animals. As genetic programs rely on the collection of accurate phenotypic data, 

phenotypes collected on treated animals likely add bias to genetic evaluations (Tsuruta et al., 2000; 

Bouquet and Juga, 2013). 

           A recent simulation study by Oliveira Jr. et al. (2020) looked at multiple parameters to 

indirectly measure the presence of bias when using TAI records on genetic evaluations of fertility 

traits. The results of the study found that as the usage rate of TAI increased, there were 

unfavourable changes in all parameters for female reproductive traits. In the current study, real 

data provided by two Lactanet partners, CanWest DHI and CDN, was used to verify the results 

found in the simulation by Oliveira Jr. et al. (2020) and to better understand the real impact of TAI 

protocols on genetic evaluations. To assess the effect of TAI, changes in the rank correlation of 

bulls for a trait using only TAI records were compared to the same trait using only heat detection 

records. If no bias existed, we would expect bulls to rank the same in both situations. However, if 

there is large re-ranking, it is highly likely that TAI is causing a bias on genetic evaluations of 

fertility traits, thus reducing the accuracy of the evaluations. Therefore, the objective of this study 

was to assess the potential bias that timed AI might add to the estimated genetic parameters and 

breeding values of female fertility traits. 
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3.3 MATERIALS AND METHODS 

3.3.1 Breeding Data 

Breeding data provided by CanWest DHI (Lactanet) composed of 4,420,685 Canadian 

Holstein service records ranging from lactations 1-14 for 777,116 cows across 1,192 herds from 

2009 to 2019. In total, 3,466,479 service records had retrievable international identification, and 

of these 1,253,393 were pregnancy records, which were used in the study. There was a total of 

5,804 breeding codes, of which 2,046 were unique. Breeding codes are single-letter codes that 

correspond to a breeding protocol description and are unique for each herd. Of these unique codes, 

65 codes had a frequency of 10 or more, 312 had a frequency of 2 to 9 and 1,668 codes had a 

frequency of 1, meaning they only occurred on one herd. The reason behind this wide range of 

breeding codes is that producers define the breeding codes themselves, leading to numerous ways 

of recording the same breeding method. Due to the wide range of breeding protocols, three 

scenarios were created, ranging from strict to lenient classification when defining the breeding 

protocols. These scenarios aimed to maximize the use of available data while still ensuring high 

accuracy of descriptions. Scenario 1 (S1), the strictest scenario group, compared FTAI Strict 

(FTAIS) (139,444 records – 775 herds) versus HEAT Strict (HEATS) (170,237 records – 890 

herds) with codes classified as FTAIS if it was a clear TAI protocol and HEATS if it was a clear 

heat detection protocol. In addition, animals with both FTAI and HEAT records within the same 

parity had those parity records removed. This crossover occurred when animals had multiple 

services within a parity where producers used various techniques to get the cow pregnant. Scenario 

2 (S2) compared FTAI (406,575 records – 770 herds) versus HEAT (1,491,663 records – 887 

herds) but did not take into account previous services within a parity. Lastly, Scenario 3 (S3), the 

most lenient scenario group, compared records classified as HORM (630,059 records – 859 herds) 
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versus HEAT (1,491,663 records – 887 herds) with breeding codes classified as HORM if the code 

included any hormone treatment meaning and did not necessarily have to be a TAI protocol. Of 

the original 5804 breeding codes, these classifications resulted in 3,258 protocols classified as 

HORM, of which 2,002 were FTAI, while a further 1,840 were classified as HD. The remaining 

706 codes were unclassified and removed from the analysis. In all scenarios, a control was created, 

which included all available records within a scenario group. In general, the control groups were 

split 67% heat detection records (HEATS, HEAT) and 33% TAI records (FTAIS, FTAI, HORM). 

The control was added to provide a better indication of the potential bias present in current 

breeding programs.  

3.3.2 Merged Data 

Upon classification of the three scenario groups, the corresponding fertility traits 

information was merged with the breeding data. Fertility data provided by CDN (Lactanet) 

composed of 15,818,927 records from 5,996,978 Holstein cows. Three fertility traits, that were 

thought to be the most affected by TAI were selected, which are: (i) calving to first service (CTFS) 

defined as the number of days between calving and first insemination, (ii) first service to 

conception (FSTC) defined as the number of days between the first insemination and the 

insemination that results in a calf, and (iii) days open (DO) defined as the number of days from 

calving to conception, which equals the summation of CTFS and FSTC. The merge resulted in a 

total of 840,466 records from 469,402 cows. Post merging, the scenario groups were as follows: 

S1 had 85,929 records (70,432 cows) classified as FTAIS and 281,495 (209,527 cows) classified 

as HEATS; S2 had 117,621 records (94,042 cows) classified as FTAI while having 385,655 

records (263,497 cows) classified as HEAT; and S3 had 180,503 records (140,663 cows) classified 

as HORM. 
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Parities were considered separately, with records from parity 0 (heifers), parity 1 and parity 

2 used in the analysis. For quality control, records without all three phenotypes were removed, and 

contemporary groups (CG) with less than ten animals were also removed. Outliers that were ± 3.5 

median absolute deviations (MAD) from the median for the common logarithm (log10) of DO 

were removed from the full dataset. The common logarithm was used to reduce the positive 

skewness of DO to closer resemble a normal distribution. The median was used instead of the 

mean as the natural logarithm of DO distribution skewness was still slightly positive. Outliers were 

removed based on animal’s DO record as DO is a function of the other two traits and had a close 

to normal distribution. Lastly, connectedness of CG was analyzed using the AMC program and 

disconnected CG were removed (Roso et al., 2004).  The final datasets used in the analysis are 

shown in Table 3.1. 

3.3.3 Statistical Analysis    

Descriptive statistics were calculated using R statistical software version 3.5.1 (R Core 

Development Team, 2019). The Lilliefors (Kolmogorov-Smirnov) single variable normality test 

in R was used to determine the normality of each traits distributions. The restricted maximum 

likelihood (REML) procedure in ASReml 4.1 (Gilmour et al., 2014) was used to estimate variance 

components and fixed effects, and predict breeding values (EBVs) for the animals in each scenario 

group. Pedigree files containing eight generations for animals of each parity and scenario group 

were created, resulting in nine files. Upon completion of the mixed model equations, R was used 

to calculate reliabilities and determine the rank correlations of both the reliabilities and the EBVs 

produced. The reliability rank correlations were calculated to account for the differences in mean 

reliabilities of common bulls across scenario groups. Reliabilities were calculated using the 

method presented by Van Vleck, (1993) assuming no inbreeding: 



47 
 

𝑟² = 1 −
𝑃𝐸𝑉𝑖

𝜎𝑎
2

 

whereby 𝜎𝑎
2 is the additive genetic variance and 𝑃𝐸𝑉𝑖 is the prediction error variance of the ith 

animal.  

3.3.4 Models  

Univariate animal models were used to estimate genetic parameters and predict EBVs for 

all traits in each scenario group. The models used in this study were adaptions of those used by 

Lactanet in their genetic evaluations for fertility traits (Jamrozik et al., 2005). Model parameters 

are as follows;  

𝑦𝑖𝑗𝑘𝑙 =  𝜇 + 𝑅𝑌𝑀𝑖 + 𝐴𝑀𝑗 + 𝐻𝑘 + 𝑎𝑙 + 𝑒𝑖𝑗𝑘𝑙 

where 𝑦𝑖𝑗𝑘𝑙 is the observation of the 𝑙th cow for DO/ CTFS/ FSTC, 𝑅𝑌𝑀𝑖 is the fixed effect of 

region-year-month born, 𝐴𝑀𝑗  is the fixed effect of age previous calving-month previous calving 

for DO and CTFS, while for FSTC, 𝐴𝑀𝑗  is the fixed effect of age previous calving-month first 

service, 𝐻𝑘 is the fixed effect of herd,  𝑎𝑙 is the additive genetic effect of the 𝑙th cow and 𝑒𝑖𝑗𝑘𝑙 is 

the vector of random residuals. The covariance matrix was defined as: 

𝐕 = var [
𝐚
𝒆

] = [ 
𝐀𝝈𝒂

𝟐 0

0 𝑰𝝈𝒆
𝟐], 

assuming that [
𝐚
𝒆

] ~N(0, 𝐕), where 𝐀 is the additive relationship matrix, 𝝈𝒂
𝟐 is the additive genetic 

variance and 𝝈𝒆
𝟐is the residual variance. 
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3.4 RESULTS AND DISCUSSION 

3.4.1 Descriptive Statistics 

Descriptive statistics for CTFS, FSTC and DO in each scenario group are presented in 

Table 3.2. The distribution for FSTC did not follow a normal distribution and therefore, the 

preliminary statistics of FSTC are potentially unrepresentative of the data. The Lilliefors (based 

on Kolmogorov-Smirnov) single variable normality test was applied. For FSTC in the HEATS and 

FTAIS scenario groups, p-values <0.05 were produced indicating the distributions were not 

normally distributed. Furthermore, D-scores of 0.31 and 0.47 were obtained indicating that there 

are large differences between the normal distribution and both, the HEATS and the FTAIS 

distributions, respectively. In both CTFS and DO, p-values were also <0.05, however all D-scores 

were below 0.18 indicating that the distributions did not largely deviate from normal, meaning the 

descriptive statistics provided a good representation of the data. Due to the positive skewness of 

the CTFS and DO distributions, the median and MAD are presented instead of the mean and 

standard deviation. To highlight each trait’s distribution, density distribution graphs for CTFS, 

FSTC and DO in S1 (FTAIS vs HEATS) are shown in Figure 3.1. Density distributions for the 

remaining scenarios show a similar distribution with S1 and are presented in Figure 3.2 and Figure 

3.3. 

There were lower MAD values in the three hormone protocol groups (FTAIS, FTAI, 

HORM) compared to the two heat detection groups (HEATS, HEAT). In addition, the kurtosis 

values that highlight the sharpness of the peak of a frequency-distribution curve also tended to be 

larger in the hormone protocol groups than in the heat detection groups. This reduced variation 

and larger kurtosis values are evident from the density distributions in Figure 3.1.  
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In Figure 3.1A for CTFS, there is a more evident peak around 75 days in the FTAIS group 

compared to an even distribution in the HEATS group. CTFS is a trait highly influenced by 

management, especially when using hormone protocols. In this case, a producer is in complete 

control of when the animal cycles and when the animal is serviced, resulting in more consistent 

results. In the case of heat detection, the animal’s natural metabolic functions are in control of 

when they cycle, leading to more variation within the population. When comparing the median 

values of CTFS, heat detection protocols showed lower values than TAI protocols. A possible 

explanation is that in mixed management herds, TAI is more frequently used on cows with delayed 

or unobserved estrus (Goodling et al., 2005; Ribeiro et al., 2012). Furthermore, animals on TAI 

protocols that show estrus before the target day are bred on natural heat (Goodling et al., 2005). 

Together, these factors contribute to the reduced variation and larger median values seen in TAI 

animals for CTFS.  

Figure 3.1B shows the density distribution of FSTC, and even though most values centre 

around one, there are multimodal distributions for each scenario group past the initial spike. In the 

HEATS scenario group, there are two other spikes, around 21 and 42 days representing a cow’s 

estrous cycle. However, in FTAIS, these two spikes occurred around 40 and 80 days, which varies 

from the traditional 21-day estrous cycle. Animals using TAI are checked 30 days post-

insemination to confirm if they are pregnant. Non-pregnant cows are then subjected to a TAI 

protocol again, usually taking around a week until breeding, thus explaining the spikes in the data 

around 40 days apart.  

Lastly, Figure 3.1C shows the density distribution of DO. The FTAIS scenario group 

produced clearer spikes in the distribution in comparison with HEATS, which presented a 
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smoother distribution. This results from a combination of the two previously discussed 

distributions (CTFS and FSTC), which make up DO. Overall, these distributions have differences 

in variation due to the level of management involved in each trait. The values for each trait 

represent the expected values for the three traits, meaning that the majority of breeding codes were 

split into scenario groups correctly, therefore making this dataset appropriate for the analysis. 

3.4.2 Variance Components 

Variance components for S1 are presented in Table 3.3, which includes a control scenario 

for each trait. The control contains all records within the scenario group and therefore, it likely 

better represents the bias present in practice. However, the purpose of this study was to identify if 

a bias exists when using TAI records, as opposed to estimating the extent of the bias. For this 

reason, the two extreme scenarios whereby a bull either has 100% TAI records or 100% heat 

detection records were compared.  

The observed heritability estimates for CTFS, FSTC and DO were similar within traits 

across parities and to published values (Kadarmideen et al., 2003; Jamrozik et al., 2005; Pritchard 

et al., 2013). However, there was a trend of reduced phenotypic and genetic variances across all 

traits in FTAIS. The most apparent differences in variance between FTAIS and HEATS was 

exhibited in CTFS, with significant differences seen between phenotypic and genetic variance 

estimates of both scenario groups. As previously discussed, this reduced variation was expected 

due to the amount of influence management has on CTFS when using TAI. Results agree with 

previous work with Lucy et al. (1986), who found reduced phenotypic variation in CTFS for 

animals using TAI compared to heat detection. 
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For FSTC, a trend of reduced variation in the FTAIS scenario group was also observed, 

though some values were not different when accounting for standard error values. Interestingly, in 

heifers, larger phenotypic variation for FTAIS compared to HEATS was observed. This larger 

variation may be due to the limited sample size within FTAIS for heifers but may also be linked 

to the limited success rate of hormonal protocols in heifers. Numerous TAI protocols have 

limitations for heifers, mainly because up to 50% of heifers have estrous cycles with three or more 

follicular cycles (Sartori et al., 2004). More follicular cycles limit the time a dominant follicle is 

active and responsive to LH-induced ovulation, causing asynchrony with expressed estrus before 

TAI (Rivera et al., 2005; Bisinotto and Santos, 2012). Heifers also have larger progesterone 

concentrations than lactating cows, which blocks the GnRH-induced LH release that might impair 

ovulation (Giordano et al., 2012; Lima et al., 2013). New protocols are being designed for heifers, 

mainly revolving around a 5-day TAI with numerous studies exploring successful variations 

around this base (Rabaglino et al., 2010; Karakaya-Bilen et al., 2019). With continued 

improvements in TAI designed for heifers, we will likely see an increase in the number of records 

and a reduction in the phenotypic variation.  

One issue with S1, specifically for calculating genetic parameters of FSTC, was that by 

editing out animals who were under TAI and heat detection within a given parity, we are inherently 

selecting the more fertile animals within the sample. Most animals that were removed had a higher 

number of services on average, which is expected as producers were using multiple techniques to 

get the cows pregnant. Producers often use TAI on animals struggling to get pregnant (Goodling 

et al., 2005; Ribeiro et al., 2012). This could explain the lower median values in the strict scenario 

groups (FTAIS and HDS) when compared to S2 groups (FTAI and HD). However, this issue 

should not affect the results of the bulls’ rank correlations, as bulls still require records from both 
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scenario groups, which are under the same constraints. The impact of TAI could be better 

determined in S1 since animals were not exposed to any other breeding methods within a parity, 

removing the potential issue of TAI being associated with animals that struggle to get pregnant. 

Lastly, DO followed similar trends to CTFS with reduced phenotypic and genetic variance seen in 

the FTAIS scenario. As DO is a function of both CTFS and FSTC, their respective results 

profoundly influence DO and explain the intermediate relative differences of DO compared to 

CTFS and FSTC. 

Variance components for S2 are presented in Table 3.4. S2 had similar animal 

classifications as in S1, the major difference being that S2 did not take into account previous 

services within a parity. The impact of not accounting for this can be seen in the larger variance 

components for FSTC across all parity groups (Table 6). The reasoning behind this shift in variance 

values for S2 is that it is common for producers to initially use heat detection protocols and then 

change to TAI if an animal does not become pregnant (Goodling et al., 2005). This means that 

larger values for FSTC are added to the FTAI bulls resulting in larger phenotypic variance values.  

Not accounting for this factor in S2 means that many records are not representative for their 

classification group as both scenario groups influence them. Interestingly, as in S1, FSTC for 

heifers in the FTAI group, the genetic variance is no different from zero meaning the model is 

again struggling to quantify the genetic impact on this trait. As previously stated, this may be due 

to the limitations of TAI in heifers. As expected, this bias was not seen in CTFS, as CTFS is only 

affected by the first service and thus produced very similar values to S1. For DO, a reduction in 

the variance between FTAI and HEAT compared to S1 was found, resulting from the shift in 

variance values for FSTC. 
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S3 was the most lenient comparison in this study, comparing records classified as 

“hormones” (HORM) against HEAT. This comparison aimed to assess the impacts of merely using 

any hormone treatment on animals. Variance components for S3 are presented in Table 3.5. The 

variance components for HEAT are the same as S2 but are included within the table for ease of 

comparison. Calculated variance components for HORM follow closely to the results seen in 

FTAI. Overall, all three traits in S3 showed more variation than S2, but they produced very similar 

results in relative terms. In the HORM group, any hormone treatment used was included, such as 

a single prostaglandin shot. Adding these records doubled the dataset of HORM compared to FTAI 

and might explain the added variance seen in the HORM group. The main takeaway from the 

variance components in S3 is that even when we simply split by use of any hormone, differences 

in variance components for the traits were seen. This means that the use of any hormone treatment 

needs to be treated as a potential biased record. 

3.4.3 Rank Correlations 

EBV rank correlations, together with the reliability rank correlations of common bulls for 

S1, are presented in Table 3.6. Reliability rank correlations were calculated to account for the 

differences in mean reliabilities, due to unbalanced records of common bulls across scenario 

groups (Table 3.7). When making inferences on the EBV rank correlations, a high reliability rank 

correlation of bulls across scenarios would indicate the rank correlations would not change due to 

the amount of information (i.e. number of daughters) across scenarios. Nearly all reliability rank 

correlations for S1 were above 0.9. Large reliability rank correlations suggest that changes in the 

EBV rank were likely not due to the difference in record counts between the groups. FSTC in 

heifers was the only trait that did not follow this trend and had a reliability rank correlation of 0.56, 

which can be explained by the mean reliability value of near zero for bulls. The reasoning behind 
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such a low correlation can be partially attributed to the imbalance of records in this comparison 

group. As previously mentioned, there are challenges with TAI in heifers, and this may also help 

explain the reduced reliability of bulls in this scenario group. Bulls had low reliabilities because 

their genetic effect was potentially masked by the inefficiency of specific TAI protocols in heifers, 

making it difficult for the model to predict EBVs with confidence. This point is further justified 

through the estimation of genetic variance for FSTC in heifers, in the FTAIS group. Here the 

genetic variance estimate is not significantly different from zero when accounting for the standard 

error, meaning the model is unable to identify the genetic effect component of the trait. It is 

unlikely that there is no genetic effect on FSTC in heifers, therefore further analysis considering 

the specific TAI protocol used for these bulls would help to better understand the results. 

The EBV rank correlations of the common bulls for CTFS showed a correlation of 0.50 

and 0.41 between FTAIS and HEATS for parity 1 and 2, respectively. Even though these are 

moderate correlations, large re-ranking is clearly occurring. In theory, these traits are meant to be 

the same, meaning we would expect a correlation close to one. There are even more apparent 

differences when FSTC is compared between the FTAIS and HEATS scenario groups with EBV 

correlations of -0.07, 0.05 and 0.21 for heifers, parity 1 and parity 2 cows, respectively. As 

previously mentioned, heifer results had a low-reliability rank correlation, and therefore some re-

ranking is likely due to differences in record count between the scenario groups. However, this 

low-reliability rank correlation likely does not fully explain the negative EBV correlation between 

the traits, which is also likely due to differences in model prediction. Results for both parity 1 and 

2 animals support this as their EBV rank correlations showed a minimal relationship between the 

traits while having very strong reliability rank correlations of 0.95 and 0.94, respectively. This 

level of re-ranking indicates that these are likely two completely different traits. DO, like CTFS, 
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produced moderate EBV rank correlations of 0.44 and 0.39 for parity 1 and 2 animals, respectively, 

coupled with high-reliability rank correlations of 0.93 in both. Overall, it was evident in all three 

traits analyzed that large re-ranking occurred when bulls had only FTAIS records as opposed to 

only HEATS records.  

The mean reliability of bulls increased in all traits due to the increased number of records 

within S2 (Table 3.8). The EBV rank correlations, together with the reliability rank correlations of 

common bulls for S2, are presented in Table 3.9. High-reliability rank correlations were observed 

across all traits, with all traits having correlations above 0.80. This limited re-ranking can be 

explained based on the increase in records count for S2 from S1, where bulls’ mean reliability for 

FSTC in heifers changed from near 0 (S1) to 0.03 (S2.). This small increase in mean reliability 

played a significant role in increasing the reliability rank correlation from 0.56 (S1) to 0.80 (S2). 

Across all traits, higher EBV rank correlations were observed, with the most substantial increase 

in FSTC, which increased from -0.07 to 0.09 in heifers, from 0.05 to 0.49 in parity 1 cows and 

from 0.21 to 0.49 in parity 2 cows compared to S1. This increase in rank correlation for FSTC is 

likely due to the bias created by individual animals having service records in both scenario groups 

within a parity, reducing the validity of the results. CTFS also showed slight improvements in the 

EBV rank correlation in S2, which may have contributed to the increased mean reliability of bulls 

for the trait across parities. DO followed the same trend with minor improvements in EBV rank 

correlations seen across parities. As FSTC influences DO, the noted bias within S2 also affected 

DO.  

In S3, once again there was an increase in the mean reliability of the bulls in the HORM 

scenario group due to the larger dataset (Table 3.10). The EBV rank correlations, together with the 
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reliability rank correlations of common bulls for S3, are presented in Table 3.11. The reliability 

rank correlations slightly improved from S2, with all traits having a correlation above 0.9. The 

added records had a big impact on the HORM group for FSTC in heifers with the mean reliability 

increasing from 0.03 (S2) to 0.18 (S3). This gain in information also helped the reliability rank 

correlation, which rose from 0.80 (S2) to 0.93 (S3). The EBV rank correlations are presented in 

Table 11, which show increased correlations for FSTC across all three parities, which can be 

explained by the leniency of the scenario groups and the introduction of more breeding protocols 

that are less specific. Less specific breeding protocols reduce the inherent differences between 

protocols, which leads to similar predictions. Small increases in EBV rank correlation were seen 

for DO, likely related to the increases seen in FSTC, while CTFS values slightly dropped across 

parity groups. However, in both DO and CTFS, a reduction in reliability rank correlation was seen, 

which may explain the minor changes in the EBV rank correlation of the traits in either scenario 

group. Overall, S3 followed similar trends to both S2 and S1 with clear re-ranking of bulls 

occurring. This indicates that any use of hormone treatments may impact how bulls rank in genetic 

evaluations of fertility traits. Therefore, genetic evaluations of such traits must account for animals 

using any hormone treatment.  

Overall, it is clear that in all comparison groups large re-ranking occurred between bulls 

compared based on either 100% TAI/hormone records or 100% heat detection records. However, 

it is essential to note that in all cases, the control groups showed much less re-ranking when 

compared against HEATS/HEAT and this change in re-ranking is likely similar to that present in 

practice. TAI is continuingly growing in Canada though, and this has been made further evident 

from the analyzed data. Figure 3.4 illustrates the changes in TAI usage in both animals and herds 

between 2009 and 2019 within the dataset. Between these years, the percentage of herds using TAI 
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has increased from 30% to 59%, while the percentage of animals using TAI increased from 12% 

to nearly 18%. Therefore the impact of TAI on genetic evaluations of fertility traits will likely 

continue to grow under the current system. Values here differ from the previously discussed study 

by CDN, whereby they estimated the number of herds using timed AI by assuming that any herds 

with more than 50% of their breeding's to be using TAI, to which they estimated 30% of herds as 

of 2017. Within this data, it was shown to be nearly 60% and the reason behind this is likely due 

to that it is common for producers to identify problem cows prior to breeding and assign them to 

TAI (Goodling et al. 2005). To investigate, TAI herds were identified with less than 10% TAI 

records. This equated to 25% of the total herds in the dataset, explaining the difference between 

the current study and the previous study done by CDN. Overall, further analysis is required to 

quantify the bias that exists when using TAI records and how to account for it in genetic analysis. 

Alternatively, these traits should be treated as two separate traits within selection indices and be 

analyzed by a multiple trait model. Further investigation should focus on estimating the genetic 

correlation between these traits to better understand their potential genetic dissimilarity. 

3.4.4 Standardized recording 

Throughout this study, it became extremely evident that a standardized way of recording 

breeding information is required. In total, 2,046 unique breeding codes were classified into two 

groups in three different scenario groups. The lack of specificity and uniformity of the breeding 

codes has likely resulted in mistakes made along this process. When looking at specific techniques, 

numerous codes were used to define them; for example, there were 156 unique breeding codes for 

Ovsynch. Another issue was the specificity within the breeding codes; for example, the word 

‘natural’ was the most common protocol in the entire dataset with nearly half a million records 

and 75 unique breeding codes. However, this may include any number of conventional heat 



58 
 

detection techniques as there was no information on which specific technique was used in these 

records. Therefore, a standardized collection method for this data must be put in place so that 

breeding programs and researchers can have higher quality data for their analysis. 

 

 

3.5 CONCLUSION 

This study has demonstrated that the use of TAI affects the accuracy of genetic evaluations 

for fertility traits in Canadian Holstein dairy cattle. In all traits analyzed, large re-ranking was 

observed when bulls were compared based on TAI records against heat detection records. Bulls 

re-ranking was much lower when the control scenario was compared against the heat detection 

scenario groups, which better represents the current bias seen in breeding programs today. Methods 

to account for the bias created by TAI should be investigated and for this, the method by which 

this data is collected needs to be improved, creating a standardized way of recording breeding 

codes. Alternatively, fertility traits should be split via management technology, whereby one trait 

solely uses TAI records with the other using heat detection records possibly in a multiple trait 

analysis.  
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3.7 TABLES 

Table 3.1: Total number of records for each scenario group by parity. 3  

 Records (Herds) 

 Parity 0 Parity 1 Parity 2 

HORMONE 37,703 (440) 53,466 (554) 34,469 (501) 

HD 129,676 (650) 91,361 (643) 56,853 (593) 

FTAI 12,273 (204) 39,485 (443) 26,310 (416) 

HD 

STRICT 
109,501 (627) 60,690 (563) 35,831 (508) 

FTAI 

STRICT 
8,622 (141) 28,549 (388) 18,064 (349) 
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Table 3.2: Preliminary statistics for Calving to First Service (CTFS), First Service to Conception 

(FSTC) and Days Open (DO). 4 

Trait Scenario Group n Median MAD Kurtosis 

CTFS 

FTAI STRICT 50,987 75 10.4 10.2 

HD STRICT 99,408 71 17.8 6.4 

FTAI 68,815 74 11.9 9.3 

HD 150,418 72 17.8 6.6 

HORM 90,772 74 13.3 8.5 

FSTC 

FTAI STRICT 50,987 1 0 5.1 

HD STRICT 99,408 1 0 4.1 

FTAI 68,815 1 0 1.1 

HD 150,418 22 31.1 1.3 

HORM 90,772 1 0 1.1 

DO 

FTAI STRICT 50,987 83 22.2 4.7 

HD STRICT 99,408 88 35.6 3.8 

FTAI 68,815 99 41.5 1.8 

HD 150,418 104 48.9 1.7 

HORM 90,772 100 44.5 1.9 

n = number of records; MAD= median absolute deviation. 
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Table 3.3: Variance components and heritability (h²) estimates in Scenario 1 (Standard Errors in 

parentheses). 5 

CTFS = Calving to first service (days); FSTC = First service to conception (days); DO = Days 

open (days); FS= FTAI STRICT; HS= HEAT STRICT; C= Control; 0/1/2= Parity number.  

  

 

 

 

 

 

 

 

Scenario 1  Variance Components 

Trait 
Scenario 

Group  

Phenotypic 

Variance 
Genetic Variance h² 

CTFS 

FS2 174.0 (1.9) 2.2 (1.2) 0.013 (0.007) 

HS2 458.3 (3.5) 15.6 (3.3) 0.034 (0.007) 

C2 384.6 (2.4) 14.1 (2.4) 0.037 (0.006) 

FS1 183.8 (1.6) 4.9 (1.5) 0.026 (0.008) 

HS1 468.0 (2.8) 15.8 (2.8) 0.038 (0.006) 

C1 397.9 (2.0) 17.1 (2.2) 0.043 (0.006) 

DO 

FS2 1057.7 (11.4) 26.3 (9.4) 0.025 (0.009) 

HS2 2137.6 (16.5) 76.3 (16.1) 0.036 (0.008) 

C2 1792.4 (11.2) 58.2 (10.4) 0.033 (0.006) 

FS1 1050.5 (9.0) 30.8 (7.9) 0.029 (0.008) 

HS1 1995.1 (11.7) 54.8 (10.1) 0.028 (0.005) 

C1 1714.1 (8.3) 48.3 (7.1) 0.028 (0.004) 

FSTC 

FS2 855.9 (9.2) 14.6 (6.6) 0.017 (0.007) 

HS2 1321.5 (10.1) 33.3 (8.3) 0.025 (0.006) 

C2 1175.5 (7.3) 24.1 (5.5) 0.021 (0.005) 

FS1 836.1 (7.1) 16.8 (5.3) 0.020 (0.006) 

HS1 1144.9 (6.7) 18.6 (4.4) 0.016 (0.004) 

C1 1057.4 (5.1) 18.8 (3.5) 0.018 (0.003) 

FS0 764.6 (12) 3.2 (8.4) 0.004 (0.011) 

HS0 656.4 (2.8) 5.3 (1.4) 0.008 (0.002) 

C0 667.4 (2.8) 4.9 (1.3) 0.007 (0.002) 
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Table 3.4: Variance components and heritability (h²) estimates in Scenario 2 (Standard Errors in 

parentheses). 6 

CTFS = Calving to first service (days); FSTC = First service to conception (days); DO = Days 

open (days); F= FTAI; H= HEAT; C= Control; 0/1/2= Parity number.  

 

 

 

 

 

 

 

 

Scenario 2  Variance Components 

Trait 
Scenario 

Group  

Phenotypic 

Variance 
Genetic Variance h² 

CTFS 

F2 255.7 (2.3) 3.1 (1.3) 0.012 (0.005) 

H2 446.5 (2.7) 14.0 (2.5) 0.031 (0.006) 

C2 393.6 (2.0) 12.6 (1.9) 0.032 (0.005) 

F1 267.1 (1.9) 5.6 (1.6) 0.021 (0.006) 

H1 468.8 (2.3) 19.6 (2.5) 0.042 (0.005) 

C1 417.3 (1.7) 19.5 (2.1) 0.047 (0.005) 

DO 

F2 2800.3 (25.1) 83.3 (23.0) 0.030 (0.008) 

H2 3089.9 (19.0) 128.1 (19.3) 0.042 (0.006) 

C2 3042.7 (15.4) 114.0 (15.1) 0.038 (0.005) 

F1 2787.7 (20.6) 130.1 (22.7) 0.047 (0.008) 

H1 3123.8 (15.2) 135.5 (16.4) 0.043 (0.005) 

C1 3076.3 (12.5) 140.4 (13.7) 0.046 (0.004) 

FSTC 

F2 2193.8 (19.6) 42.8 (14.8) 0.020 (0.007) 

H2 2046.0 (12.4)  60.8 (10.7) 0.030 (0.005) 

C2 2125.0 (10.7) 61.4 (9.1) 0.029 (0.004) 

F1 2090.1 (15.2) 63.2 (13.4) 0.030 (0.006) 

H1 1882.0 (9.0) 46.6 (7.3) 0.025 (0.003) 

C1 1974.4 (7.9) 53.7 (6.6) 0.027 (0.003) 

F0 1379.3 (18.0) 12.8 (12.9) 0.009 (0.009) 

H0 978.0 (3.9) 10.3 (2.1) 0.011 (0.002) 

C0 1023.8 (3.9) 10.5 (2.1) 0.010 (0.002) 
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Table 3.5: Variance components and heritability (h²) estimates in Scenario 3 (Standard Errors in 

parentheses). 7 

CTFS = Calving to first service (days); FSTC = First service to conception (days); DO = Days 

open (days); HO= HORM; H= HEAT; C= Control; 0/1/2= Parity number.  

 

 

 

 

 

 

 

 

Scenario 3  Variance Components 

Trait 
Scenario 

Group  

Phenotypic 

Variance 
Genetic Variance h² 

CTFS 

HO2 308.8 (2.4) 5.0 (1.5) 0.016 (0.005) 

H2 446.5 (2.7) 14.0 (2.5) 0.031 (0.006) 

C2 402.34 (1.9) 13.7 (1.9) 0.034 (0.005) 

HO1 339.9 (2.1) 7.4 (1.7) 0.022 (0.005) 

H1 468.8 (2.3) 19.6 (2.5) 0.042 (0.005) 

C1 430.5 (1.7) 21.0 (2.0) 0.049 (0.005) 

DO 

HO2 2897.5 (22.7) 98.2 (22.0) 0.034 (0.008) 

H2 3089.9 (19.0) 128.1 (19.3) 0.042 (0.006) 

C2 3068.1 (14.8) 116.0 (14.6) 0.038 (0.005) 

HO1 2870.0 (18.2) 119.7 (19.1) 0.042 (0.007) 

H1 3123.8 (15.2) 135.5 (16.4) 0.043 (0.005) 

C1 3089.8 (12.0) 145.7 (13.4) 0.047 (0.004) 

FSTC 

HO2 2199.6 (17.1) 47.6 (13.6) 0.022 (0.006) 

H2 2054.9 (9.4) 61.5 (8.3) 0.030 (0.004) 

C2 2138.2 (10.2) 62.7 (8.8) 0.029 (0.004) 

HO1 2051.4 (12.8) 56.1 (10.9) 0.027 (0.005) 

H1 1882.0 (9.0) 46.6 (7.3) 0.025 (0.003) 

C1 1976.0 (7.5) 53.9 (6.3) 0.027 (0.003) 

HO0 1287.1 (9.5) 10.4 (5.3) 0.008 (0.004) 

H0 978.0 (3.9) 10.3 (2.1) 0.011 (0.002) 

C0 1064.7 (3.7) 9.8 (1.9) 0.009 (0.002) 
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Table 3.6: Reliability (upper diagonal) and EBV (below diagonal) rank correlation of common 

bulls between treatments in Scenario 1. 8 

Traits FTAI STRICT HEAT STRICT Control 

CTFS 

FS2 - 0.91 0.89 

HS2 0.41 - 0.98 

C2 0.55 0.94 - 

FS1 - 0.91 0.88 

HS1 0.50 - 0.96 

C1 0.65 0.93 - 

DO 

FS2 - 0.93 0.93 

HS2 0.44 - 0.98 

C2 0.67 0.93 - 

FS1 - 0.93 0.93 

HS1 0.38 - 0.98 

C1 0.64 0.93 - 

FSTC 

FS2 - 0.94 0.95 

HS2 0.21 - 0.99 

C2 0.49 0.92 - 

FS1 - 0.95 0.96 

HS1 0.05 - 0.98 

C1 0.44 0.88 - 

FS0 - 0.56 0.58 

HS0 -0.07 - 1 

C0 0.20 0.94 - 

CTFS = Calving to first service (days); FSTC = First service to conception (days); DO = Days 

open (days); FS= FTAI STRICT; HS= HEAT STRICT; 0/1/2= Parity number  
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Table 3.7: Mean Reliabilities of Common Bulls in Scenario 1. 9 

Parity 
Scenario 

Group 

Total 

Bulls 
Records 

Mean Reliability 

CTFS FSTC DO 

0 

FTAIS 

1476 

8,053 - 0 - 

HEATS 77,552 - 0.25 - 

Control 85,605 - 0.24 - 

1 

FTAIS 

3049 

25,360 0.21 0.18 0.22 

HEATS 51,823 0.31 0.24 0.29 

Control 77,183 0.37 0.29 0.33 

2 

FTAIS 

2405 

15,629 0.10 0.13 0.17 

HEATS 29,658 0.27 0.24 0.27 

Control 45,287 0.32 0.26 0.31 

CTFS = Calving to first service (days); FSTC = First service to conception (days); DO = Days 

open (days). 
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Table 3.8: Mean Reliabilities of Common Bulls in Scenario 2. 10 

Parity 
Scenario 

Group 

Total 

Bulls 
Records 

Mean Reliability 

CTFS FSTC DO 

0 

FTAI 

1941 

11,639 - 0.03 - 

HEAT 100,030 - 0.29 - 

Control 111,669 - 0.29 - 

1 

FTAI 

3843 

36,822 0.21 0.25 0.29 

HEAT 80,790 0.36 0.31 0.36 

Control 117,612 0.41 0.35 0.40 

2 

FTAI 

3219 

24,085 0.13 0.18 0.22 

HEAT 49,317 0.29 0.29 0.32 

Control 73,402 0.33 0.33 0.35 

CTFS = Calving to first service (days); FSTC = First service to conception (days); DO = Days 

open (days). 
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Table 3.9: Reliability (upper diagonal) and EBV (below diagonal) rank correlation of common 

bulls between treatments in Scenario 2. 11 

Traits FTAI HEAT Control 

CTFS 

F2 - 0.91 0.88 

H2 0.51 - 0.98 

C2 0.66 0.94 - 

F1 - 0.87 0.82 

H1 0.52 - 0.97 

C1 0.69 0.92 - 

DO 

F2 - 0.92 0.92 

H2 0.47 - 0.99 

C2 0.72 0.92 - 

F1 - 0.90 0.89 

H1 0.47 - 0.97 

C1 0.73 0.91 - 

FSTC 

F2 - 0.94 0.92 

H2 0.49 - 0.99 

C2 0.72 0.91 - 

F1 - 0.94 0.93 

H1 0.49 - 0.98 

C1 0.77 0.89 - 

F0 - 0.80 0.81 

H0 0.09 - 1 

C0 0.32 0.95 - 

CTFS = Calving to first service (days); FSTC = First service to conception (days); DO = Days 

open (days); F= FTAI; H= HEAT; 0/1/2= Parity number  
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 Table 3.10: Mean Reliabilities of Common Bulls in Scenario 3. 12 

Parity 
Scenario 

Group 

Total 

Bulls 
Records 

Mean Reliability 

CTFS FSTC DO 

0 

HORM 

3,329 

35,946 - 0.11 - 

HEAT 113,980 - 0.26 - 

Control 149,926 - 0.27 - 

1 

HORM 

4,301 

49,714 0.24 0.26 0.30 

HEAT 82,996 0.35 0.30 0.35 

Control 132,710 0.41 0.36 0.41 

2 

HORM 

3,587 

31,535 0.18 0.21 0.25 

HEAT 50,819 0.29 0.29 0.32 

Control 82,354 0.35 0.33 0.36 

CTFS = Calving to first service (days); FSTC = First service to conception (days); DO = Days 

open (days); 
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Table 3.11: Reliability (upper diagonal) and EBV (below diagonal) rank correlation of common 

bulls between treatments in Scenario 3. 13 

Traits HORM HEAT Control 

CTFS 

HO2 - 0.94 0.90 

H2 0.62 - 0.97 

C2 0.76 0.93 - 

HO1 - 0.90 0.83 

H1 0.57 - 0.96 

C1 0.75 0.89 - 

DO 

HO2 - 0.94 0.93 

H2 0.53 - 0.98 

C2 0.79 0.90 - 

HO1 - 0.92 0.90 

H1 0.55 - 0.97 

C1 0.79 0.90 - 

FSTC 

HO2 - 0.95 0.94 

H2 0.52 - 0.98 

C2 0.78 0.89 - 

HO1 - 0.96 0.94 

H1 0.55 - 0.97 

C1 0.82 0.88 - 

HO0 - 0.93 0.93 

H0 0.18 - 1 

C0 0.52 0.90 - 

CTFS = Calving to first service (days); FSTC = First service to conception (days); DO = Days 

open (days); HO= HORM; H= HEAT; 0/1/2= Parity number  
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3.8 FIGURES 

Figure 3.1: Density distributions for Calving to First Service (A), First Service to Conception (B), 

and Days Open (C) in scenario 1 (FTAI Strict= whole line, HEAT Strict= dashed line). 1 
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Figure 3.2: Density distributions for Calving to First Service (A), First Service to Conception 

(B), and Days Open (C) in scenario 2 (FTAI= whole line, HEAT= dashed line). 2 
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Figure 3.3: Density distributions for Calving to First Service (A), First Service to Conception 

(B), and Days Open (C) in scenario 3 (HORM= whole line, HEAT= dashed line). 3
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Figure 3.4: Changes in Timed Artificial Insemination (Timed AI) usage rate in animals and 

herds between 2009-2019 on Canadian herds that are members of DHI DairyComp (*Incomplete 

records from 2019).   
4 
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CHAPTER 4: GENERAL CONCLUSIONS 

 

 

           Fertility performance is a significant factor in determining the overall profitability and 

efficiency of a dairy herd (Pecsok et al., 1994; Inchaisri et al., 2010; Cabrera, 2014). Even so, 

decades of breeding programs were designed to maximize production, which contributed to the 

deterioration of dairy cattle fertility. In a study involving 16 countries, Pryce et al. (2014) reported 

a 1.25d/year world mean increase in calving interval between 1990 and 2000. Since the beginning 

of the century, there has been a shift towards functional non-production traits associated with 

health and fertility (Miglior et al., 2005). Phenotypes of fertility traits have now plateaued and 

even started to improve again in some cases since the introduction of balanced selection indices 

(Norman et al., 2009; Walsh et al., 2011).  

Genetic selection over the preceding decades has been heavily linked to both, the 

deterioration of fertility, through the intense selection for production, and more recent improved 

fertility, via the introduction of balanced selection indices in dairy cows. In Chapter 2, the driving 

mechanisms behind fertility performance were discussed. Fertility related traits are multi-factorial 

and controlled by genetics, management and nutrition (Walsh et al., 2011). This combination of 

factors helps explain the historically low heritability of fertility traits, mainly due to the strong 

influence of non-genetic effects and inaccuracy of record collection of these traits (Hayes et al., 

1992; Campos et al., 1994). Furthermore, this large environmental influence makes it difficult to 

discriminate between fertile animal genotypes, making selection less effective (Leblanc, 2010; 

Tenghe et al., 2015).  Inaccuracies in collection of fertility records stem from management 

challenges on farms. For example, calving to first service is highly regulated by when a farmer 

decides to inseminate a cow, while highly fertile cows on a farm with poor estrus detection will be 
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recorded as poor fertile animals (Tenghe et al., 2015). This degree of management control is seen 

across all fertility traits currently selected for in Canada.  

Chapter 2 explains the impact of both, nutritional and management practises on fertility 

performance in dairy cattle. Nutrition plays a crucial role in determining fertility performance as 

age at first service is predominantly controlled by weight, since heifers can be bred at 60% of their 

mature weight (Moore et al., 1990; Heinrichs et al., 2005). Later in life, nutritional management 

of dairy cows affects several other fertility parameters. Inadequate nutrition has been linked to 

prolonged calving to first service, as well as reduced submission and conception rates (Buckley et 

al., 2003; Rhodes et al., 2003). These issues occur as cows must consume enough energy to meet 

the demands of their different energy sinks, including milk production, reproductive environment, 

immune system, and body weight maintenance (Rauw et al., 1998; Friggens and Newbold, 2007). 

The growth of ovarian follicles depends on the nutrient availability and the dam’s metabolic 

environment, with earlier growth post-calving associated with higher fertility (Spicer et al., 1990; 

Darwash et al., 1997). Therefore, if a cow does not receive enough energy through her diet, it may 

compromise her fertility performance. 

           Regarding management practices, fertility performance on dairy farms is driven by estrus 

detection (Roelofs et al., 2010; Silper et al., 2017). Conventional heat detection has become more 

difficult due to increases in herd sizes and reduced estrus expression in high producing dairy cows 

(Kerbrat and Disenhaus, 2004; Lopez et al., 2004; Saint-Dizier and Chastant-Maillard, 2012). 

Difficulties surrounding conventional estrus detection have led to the uptake of novel tools and 

technologies (Moore and Thatcher, 2006; Moore and Hasler, 2017). Novel technologies have 

increased fertility performance through methods of better estrus identification, such as automated 

activity monitors and milk progesterone levels, and through processes of estrus control, with 
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methods based on hormonal synchronization or timed AI (TAI) protocols (Løvendahl and 

Chagunda, 2010; Denis-Robichaud et al., 2016; Bruinjé et al., 2019). Chapter 2 explores the 

animal’s need of appropriate nutrition and management to maximize their genetic potential, and 

to achieve high fertility performance under the current fertility traits. Due to the considerable 

environmental influence on the present traits, it is not easy to separate their genetic component 

from non-genetic components. Therefore, more direct indicators of fertility traits must be 

investigated to better understand the genetic influence on dairy cattle fertility.  

           Chapter 3 discusses the impact of TAI on the accuracy of genetic evaluations for fertility 

traits. Due to the difficulties surrounding conventional estrus detection, the uptake of management 

technologies has increased. In Canada, roughly 30% of dairy herds use TAI while in the US, this 

number is much higher, with an estimated 87% of herds using TAI (Caraviello et al., 2006; Van 

Doormaal, 2018). The issue of TAI is that cows’ natural fertility performance is becoming masked, 

potentially resulting in less fertile animals performing similarly to fertile animals. As genetic 

programs rely on the collection of accurate phenotypic data, phenotypes collected on treated 

animals likely add bias to genetic evaluations (Tsuruta et al., 2000; Bouquet and Juga, 2013). This 

research demonstrated that TAI affects the accuracy of genetic evaluations of fertility traits in dairy 

cattle. Across all three traits, a large re-ranking was observed in estimated breeding values of bulls 

when compared with only TAI records against only heat detection records. Therefore, methods to 

account for the bias created by TAI records need to be investigated. Alternatively, fertility traits 

should be split via management technology, whereby one trait solely uses TAI records with the 

other using heat detection records. Furthermore, the method by which this data is collected needs 

to be improved. Creating a standardized measure to collect information resulting from various 

breeding protocols will ensure future studies have higher quality data for their analysis. 
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4.1 FINAL REMARKS 

This research provides an in-depth look into the issues surrounding the definition of fertility 

performance in dairy cattle. The sizeable environmental influence dictating fertility performance 

makes the identification of genetically fertile animals difficult. As nutrition and management 

practise become more precise through the development of novel technologies and techniques, this 

will help reduce the environmental influence concealing an animal’s actual fertility ability. To 

further increase this process, novel traits are required that concentrate closely on metabolic 

processes involved in fertility that will provide a direct link to an animal’s fertility performance. 

For the current traits, considerable environmental influence also increases the impact of 

management technologies to determine fertility performance. This research indicates that TAI 

masks the animal’s true fertility performance, reducing the accuracy of genetic evaluations of 

fertility traits. Methods to account for this bias are required and need to be investigated, or 

alternatively, fertility traits need to be split by the management technique involved in the 

breeding.    
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