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ABSTRACT 

IDENTIFICATION AND EVALUATION OF NOVEL ESTROUS-RELATED 
FERTILITY TRAITS USING AUTOMATED SENSOR DATA FROM COMMERCIAL 

HOLSTEIN HERDS 
 
 

 
Camila A. Rosenberg 

University of Guelph, 2020 
 

 

Advisors: 

Dr. Christine Baes 
Dr. Flavio S. Schenkel 

The development and commercial adoption of automated sensor technologies within dairy 

production systems provide new opportunities to derive accurate and objective phenotypic 

measures of fertility. This thesis was conducted to identify and evaluate the potential of novel 

sensor-based fertility traits to be included in the selection criteria for reproductive performance in 

dairy cattle. Five traits were defined using computed index values linked to estrous expression. 

Genetic parameters were estimated for the traits, followed by an impact assessment of their direct 

selection on traditional fertility trait performance. Heritability and repeatability estimates were low 

and aligned with those of current traits, while genetic correlations between studied traits ranged 

from moderate to strong. Favourable associations were observed between select combinations of 

novel traits with existing fertility parameters. Research findings indicate that estrous-related traits 

based on index values could be suitable predictors of fertility and potentially be considered for 

future inclusion in genetic evaluations. 
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CHAPTER 1: INTRODUCTION AND LITERATURE REVIEW 

1.1 GENERAL INTRODUCTION 

The reproductive performance of dairy herds is a determinant factor in their production 

efficiency and long-term farm profitability. Dairy production systems depend on regular calving 

intervals to establish sustainable pregnancies, maintain an optimal average herd milk yield and 

produce a consistent supply of replacement animals. The inability to achieve and maintain high 

herd fertility indices has a significant detrimental economic effect primarily due to costs brought 

about by higher removal rates such as increased replacement and insemination expenses as well as 

milk production loss, among other factors. In economic terms, research by Evans et al. (2006) 

reported that poor fertility accounted for close to 50% loss of the potential increase in net farm 

profits when evaluating reproductive performance from Irish herds selected for milk production 

(from 1990 to 2003). At a national level, economic analysis by Bellows et al. (2002) estimated that 

the aggregate cost of infertility was $US 137 million per year for the U.S dairy industry 

(approximately $US 200 million in 2019 when adjusted for inflation). 

 

Until the turn of the century, most national dairy cattle breeding programs, with the 

exception of those in Scandinavian countries, were primarily focused on the improvement of 

production traits (Miglior et al., 2005). Within the same time frame, average dairy herd 

reproductive performance of high-yielding cows experienced a major decline in leading milk-

producing jurisdictions. An average of 54.5% decrease in conception rate was documented in the 

United States during the 1951 to 2001 period (Butler, 2014). Similar trends were reported in studies 

conducted in Europe and Australia involving diverse production systems (Berry et al., 2014; M. 

Royal et al., 2000). Further, analysis of data compiled between 1990 and 1999 from 16 countries 
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indicated that the mean deterioration for calving interval was 1.25 days per year (Pryce et al., 

2014). 

 

In response to declining fertility and increasing societal pressure, many countries have 

broadened the scope of their national selection indices to include functional traits associated with 

health and reproduction. This shift, in combination with improved reproductive management and 

advances in reproductive technologies, has reversed the declining trend of reproductive traits in 

dairy cattle in recent years (Lucy, 2019). However, the rate of genetic improvement has been slow 

due to the low heritability (h2 < 0.1) of the majority of traditional fertility traits and the considerable 

impact of management factors on trait measurement accuracy (Ma et al., 2019; Berry et al., 2014). 

 

Recent development and availability of new reproductive management tools, automated 

data recording technologies and genomic information within dairy production systems have 

provided additional opportunities to improve the performance of current fertility traits, as well as 

to develop novel fertility phenotypes for dairy cattle breeding (Dennis et al., 2018; Fleming et al., 

2018). Nevertheless, identifying accurate, relevant and cost-effective phenotypes to represent 

fertility and its underlying physiology still remains a major challenge for the dairy industry.  
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1.2 RESEARCH OBJECTIVES 

The overall goal of this thesis is to evaluate the potential of estrous-related fertility traits 

derived from automated sensor data to be included in the selection criteria for reproductive 

performance in dairy cows. The specific objectives of this thesis are: 

 

1. To define and identify novel estrous-based fertility traits using automated sensor 

measurements of estrous expression; 

2. To estimate genetic parameters for the novel estrous-based traits; and  

3. To assess the impact of direct selection for novel traits on two traditional fertility 

traits. 

 

This thesis is divided into three chapters. The first chapter provides background 

information on female fertility and strategies used to improve reproductive performance in dairy 

herds, including a description of existing on-farm reproductive technologies, factors impacting 

genetic selection and the opportunities provided by the adoption of new automated 

technologies. Chapter two presents genetic parameters for five novel sensor-based fertility traits 

derived from automated sensor measurements of estrous expression and evaluates their 

performance relative to two existing fertility traits. Finally, chapter three provides a summary of 

the contributions of this research project towards the improvement of female fertility and lays the 

groundwork for future research.  
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1.3 LITERATURE REVIEW 

1.3.1 Multifactorial Nature of Fertility in Dairy Cattle 

In the context of the dairy industry, female fertility refers to the ability of a cow to conceive 

and maintain pregnancy within a specific time interval, determined by the production system used 

(Pryce et al., 2004). For cows, the events leading to the successful establishment of a pregnancy 

are complex and controlled through a series of highly regulated biological processes such as 

ovulation and calving. Efficiency of reproduction is impacted by genetic, managerial, nutritional 

and environmental factors that independently and/or through their interactions, influence cyclicity 

patterns and the probability of conception (Crowe et al., 2018). 

 

Milk production and reproductive performance are key parameters to determining a farm’s 

economic viability. In modern dairy cattle, some aspects of the reproductive function may be 

adversely affected as a result of intensive selection for high milk yield, with increased biological 

demands linked to higher production capabilities. For instance, higher feed consumption, a 

characteristic of high-level production animals, has been shown to be associated with an increased 

rate of steroid clearance in the liver (Sangsritavong et al., 2002). The resulting reduction in 

endocrine signaling leads to a delayed resumption of ovarian cyclicity postpartum, which has been 

recognized as a major factor in dairy cow reproductive failure (Leroy et al., 2008; Walsh & 

Williams, 2011). Similarly, high-producing dairy cows experience considerable changes in energy 

balance during the periparturient period, which requires an animal to mobilize body reserves. The 

mechanisms involved in this physiological process, in turn, increase a cow’s risk for metabolic 

diseases (e.g. ketosis) and reproductive failure (Roche, 2006). 
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Apart from an animal’s genetic and physiological capacity for reproductive function, 

successful pregnancy in dairy cows is significantly affected by management practices. Within a 

given production system, managerial considerations such as nutrition, availability of skilled 

labour, flooring type, herd size and the use of confinement housing may result in fertile animals 

not expressing signs of estrus, estrus not being detected, or reduced probability of pregnancy 

following insemination (Leblanc, 2010; Walsh & Williams, 2011). Consequently, strategies aimed 

at improving and maintaining high female fertility over the long-term require a comprehensive 

understanding and consideration of the multiplicity of aspects surrounding management and 

genetics. 

 

1.3.2 On-Farm Strategies to Improve Fertility in Dairy Cattle 

Reproductive management strategies on most dairy farms have traditionally relied on the 

visual detection of behavioural signs of estrus to predict the time of ovulation and determine the 

optimal insemination time. The effectiveness of these strategies, however, has been limited by the 

steady increase in herd size and the high variability in the duration and intensity of estrous 

behaviours in modern dairy cows (Denis-Robichaud et al., 2016; Reith & Hoy, 2018; Saint-Dizier 

& Chastant-Maillard, 2012). Lopez et al. (2004) reported that high producing dairy cows (≥39.5 

kg/d) had shorter durations of standing to be mounted (6.2h vs 10.9h; P < 0.0001), decreased 

number of standing events (6.3 vs 8.8; P = 0.001), and reduced duration of standing time (21.7s vs 

28.2s; P = 0.007) when compared to lower producing cows (<39.5 kg/d). Furthermore, the 

proportion of cows that display standing to be mounted behaviour, the primary physical sign of 

estrus, has decreased over the past five decades (Dobson et al., 2008), with other studies reporting 
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that 35% to 42% of cows did not show signs of standing heat (Roelofs et al., 2005b; Sveberg et 

al., 2011). 

 

In light of the limitations with visual detection of estrus, several new reproductive 

strategies have been developed and subsequently adopted by dairy operations to assist in the 

accurate detection of estrus while reducing labour requirements. These include synchronization 

protocols and data-producing automated technologies such as pressure-sensing systems and 

activity monitors. 

 

1.3.2.1 Ovulation Synchronization and Timed Artificial Insemination 

Hormonal synchronization programs have been applied across dairy production systems to 

address reproductive inefficiencies related to poor estrous expression and detection in high-

yielding cows. These programs, which rely on the administration of exogenous hormones, control 

ovulation by manipulating the pattern of follicular growth and allowing artificial insemination at 

a fixed time without the need for estrous detection. In North America, over 80% of commercial 

herds have implemented synchronization and/or timed artificial insemination programs as a 

reproductive management practice (Caraviello et al., 2006; Denis-Robichaud et al., 2016). The 

most common approach used to synchronize ovulation in dairy cattle is called Ovsynch, and 

involves a series of Gonadotropin-Releasing Hormone (GnRH) and Prostaglandin F2α (PGF2α) 

treatments [GnRH, d0; PGF2α, d7; GnRH, d9.5]. Initial field trials evaluating the effectiveness of 

Ovsynch together with timed artificial insemination (TAI) reported similar pregnancies per 

artificial insemination (AI) to those of cows receiving AI after a detected estrus (39% vs. 37%) 

(Pursley et al., 1997). However, cows submitted for first insemination using Ovsynch had fewer 
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open days than cows submitted for AI after a detected estrus (99 vs. 118 days; Pursley et al., 1997). 

A comprehensive analysis of breeding records from 1995 to 2008 for U.S. Holstein cows further 

corroborated that the initial effect of synchronization and TAI protocols on dairy reproductive 

performance was to reduce the interval between calving and first insemination (Norman et al., 

2009). 

 

In response to these findings, several modifications of the original Ovsynch protocol have 

been examined to optimize animal responses to synchronization (Figure 1.1). These modifications 

included: pre-synchronization using 2 PGF2α treatments (i.e. Presynch-Ovsynch; Moreira et al., 

2001), pre-synchronization using a combination of GnRH and PGF2α (i.e. G-6-G and Double-

Ovsynch; Carvalho et al., 2015; Souza et al., 2008), and administration of a second PGF2α treatment 

24 hours after the first one, within the Ovsynch protocol to increase the proportion of cows with 

complete luteal regression (Santos et al., 2016). Compared to Ovsynch alone, pre-synchronization 

strategies have been shown to individually yield better fertility responses, effectively increasing 

the reproductive efficiency of lactating dairy cows (Wiltbank & Pursley, 2014).  

 

The high synchrony of ovulation achieved within a herd using these protocols enables 

producers to systematically control the reproductive status of groups of animals, thereby 

eliminating the need for estrous detection and facilitating the use of artificial insemination, 

particularly in large commercial dairy herds. The improved reproductive performance obtained 

with these protocols, however, is being offset by higher input costs, increased labour and animal 

handling requirements, as well as challenges associated with rising consumers’ concerns regarding 

the administration of drugs to farm animals. Due to these constraints, alternative reproductive 
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technologies that allow for the efficient and accurate detection of estrous behaviours in individual 

animals are being actively sought out for use in commercial dairy herds (Fricke et al., 2014). 

 

1.3.2.2 Automated Estrous Detection Technologies 

Automated sensor-based technologies continuously monitor and objectively record 

individualized physiological and behavioural changes associated with the expression of estrus. The 

information collected from these detection systems is used to create a detailed characterization of 

estrous-related behaviours, mainly standing estrus and restlessness. Examples of automatically 

measured parameters related to these behaviours include the number of mounting events, activity 

(steps), rumination time, body temperature, lying behaviour and progesterone (P4) levels (Mayo 

et al., 2019; Reith & Hoy, 2018; Silper et al., 2015). Using a range of software-specific algorithms, 

these estrous detection aids reliably record and compare an animal’s current behaviour with a 

specific reference period, triggering an alert when a set threshold is exceeded. Common estrous 

detection devices include leg-mounted pedometers and accelerometers attached to either the neck 

or ear of each animal. 

 

Multiple companies have developed their own distinct commercial detection system with 

the aim of detecting the greatest proportion of estrous events with the fewest number of false 

positive errors. Over the past several years, an abundant body of literature assessing the 

performance of these systems has validated the suitability of their use as an estrous detection tool 

(Table 1.1). As shown in Table 1.1, reported sensitivity and specificity values ranged from 36% to 

97% and from 57% to 100%, respectively, with accuracy generally greater than 70%. The 

variation, both within and between studies, is explained by differences in sensor quality, software 
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algorithms as well as environmental factors (e.g. housing, nutrition, season and number of animals 

in estrus simultaneously) and individual animal factors (e.g. parity, health, and milk production). 

 

In addition to detecting estrous-related changes in activity, newer commercial automated 

detection systems can also provide enhanced functionality by accurately measuring physiological 

parameters related to health such as rumination time (Borchers et al., 2016; Burfeind et al., 

2011). Emerging research has reported that the inclusion of physiological trait information and 

activity measurements in a multivariate analysis can improve the performance of an activity-based 

estrous detection system, particularly in animals showing low intensity and duration of estrous 

behaviours (Dolecheck et al., 2015; Firk et al., 2002). A study evaluating changes of feeding 

characteristics and rumination time in dairy cows in the days around estrus acknowledged the 

synergism provided by these factors on early estrous detection (Pahl et al., 2015). Consistent with 

the above, a study conducted by Reith et al. (2014) showed that the combined use of activity and 

rumination time data improved the rate of estrous detection by 17.2% (from 76.5% to 93.7%) 

compared to the use of activity data alone.  

 

While new approaches continue to be developed to improve automated detection devices, 

producer confidence in their performance has already led to the rapid integration of these 

technologies into current reproductive management strategies in commercial farm settings (Denis-

Robichaud et al., 2016). 
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1.3.3 Genetic Selection for Improved Fertility 

Intense genetic selection primarily focused on increased milk production in Holstein dairy 

cattle has been commonly associated with historical reductions in fertility performance across 

production systems worldwide (Lucy, 2001; M. D. Royal et al., 2000). Previously reported genetic 

correlations between production and fertility measures have been generally unfavourable and have 

displayed low to moderate strength (Berry et al., 2016; Kadarmideen et al., 2003).  

 

Some other recent studies, however, have challenged the inference that the relationship 

between milk production and reproductive performance is one of cause-effect and argued that the 

underlying association is more complex than previously thought. Morton (2006) noted that earlier 

studies ignored potential confounding factors and that biases linked to the impact of managerial 

decisions may not have been adequately considered. In its assessment, Bello et al. (2012) also 

concluded that multiple sources of heterogeneity exist and suggested that some critical issues may 

have been previously misrepresented or overlooked. This new insight supports recent research 

investigating the genetic variation underlying fertility in different breeds, and indicated that the 

improvement of fertility-related genetic factors may not necessarily translate into significant 

reductions in the genetic progress for milk production traits (Moore et al., 2014; Toledo-Alvarado 

et al., 2017). Additional research studying cows with similar genetic merit for milk production, 

but either poor or good genetic merit for fertility traits has provided further evidence that the causes 

of reduced fertility are multifactorial (Cummins et al., 2012a;b).  

 

Altogether, this body of knowledge provides strong supporting evidence that the causes of 

reduced fertility in cows are not solely dependent on genetic merit for milk production. Therefore, 
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simultaneous selection for improved milk production and fertility through the inclusion of these 

traits into national breeding programs could deliver on multiple objectives aimed at ensuring a 

sustainable industry.  

 
1.3.3.1 Current Genetic Selection Practices for Fertility 

Concerns over the declining reproductive performance of Holstein dairy cattle populations 

around the beginning of the 21st century prompted the progressive inclusion of fertility traits into 

selection indices by most leading dairy cattle breeding programs. The resulting shift in breeding 

objectives balanced production goals with an enhanced focus aimed at improving fertility traits. 

The strategies deployed to achieve the expanded goals, however, have not been uniform across 

milk producing jurisdictions (Miglior et al., 2005). Differences in milk component prices, 

production systems and availability of phenotypes have influenced the relative weighting assigned 

to fertility in selection indices as well as the type and number of traits considered. 

  

Table 1.2 is illustrative of the various reproductive selection strategies applied across major 

milk producing countries. Within national selection indices, the relative emphasis on fertility 

ranged from 11% to 15.3%, with most countries assigning fertility a weighting around 12%. The 

traits used to represent fertility within those indices differed slightly from one country to another, 

but common trait groups included those describing a cow’s ability to cycle and those measuring a 

cow’s ability to conceive. In addition, some countries including Canada, Germany, and the United 

States have also evaluated traits in heifers, as research has shown that cow and heifer fertility traits 

are not genetically equivalent (Jamrozik et al., 2005; Miglior, 2007; Weigel & Rekaya, 2000). 
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The widespread inclusion of female reproductive traits as components of national selection 

indices has had a positive impact, halting and reversing the downward fertility trend experienced 

by commercial dairy cattle. Phenotypic performance of traits such as calving interval and non-

return rate, have been shown to gradually improve globally (Pryce et al., 2014). Similarly, the 

direct as well as genomic selection for these traits has been reported to have moderately increased 

breeding values for fertility. 

 
1.3.3.2 Traditional Fertility Phenotypes 

Despite the substantial variation of traditional fertility traits and differences in the relative 

emphasis applied to reproductive traits between breeding programs, the overall rate of genetic 

progress for fertility has been limited due to the low heritability and the strong dependence of 

traditional fertility traits on the reproductive management practices used (Crowe et al., 2018; 

Fleming et al., 2018).  

 

Common fertility trait measurements used to directly estimate the reproductive 

performance of dairy cattle in genetic selection programs have traditionally been derived from 

farm insemination and calving date records. In general, dairy cattle breeding programs and genetic 

research have considered three different categories of female fertility traits: a) success or non-

success (binary) traits such as non-return rate (NRR) following insemination; b) count traits, 

namely number of services per lactation or conception; c) time intervals, which consist of measures 

based on the length of time between two events, including calving interval and the interval from 

calving to conception (days open; Berry et al., 2014; Veerkamp et al., 2001). Measures of success 

and count traits have been considered useful phenotypes for fertility as they are available soon 

after insemination and can often be evaluated in both heifers and cows. Most interval traits, in 
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contrast, rely on calving date information. This limitation can produce biased parameter estimates 

as all heifers and cows that may have been culled due to fertility problems are excluded (M. Royal 

et al., 2000). 

 

A recent meta-analysis of 55 dairy studies by Berry et al. (2014), summarized the current 

state of knowledge related to genetic parameters for female reproductive performance. An outline 

of the mean heritability estimates of common measures for female fertility in Holstein-Friesian 

cow populations are presented in Table 1.3. Heritability estimates for success and count traits in 

cows ranged from 0.021 to 0.033. Within interval traits, heritability estimates were generally 

greater than 0.032, with a maximum heritability value of 0.174 calculated for calving to first heat. 

 

The low heritability values commonly associated with traditional fertility traits have been 

linked to a variety of managerial factors such as record-keeping habits, heat detection strategies, 

volunteer waiting periods and timing of inseminations, all of which markedly affect trait 

measurement. Continued efforts to improve selection for fertility in dairy cattle should consider 

alternative physiologically relevant phenotypes that are easily measurable and less affected by 

management decisions to supplement and/or replace the current available traditional fertility traits. 

 
11.3.3.3 Novel Fertility Phenotypes 

Advances in on-farm technologies have provided the dairy industry with new opportunities 

to objectively measure existing traits and collect novel phenotypes on a large scale. As a result, a 

number of new trait measurements, which directly reflect the physiological and behavioural 

changes related to reproductive performance in dairy cattle have received particular attention 
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(Fleming et al., 2019). The following section will discuss the potential application of the most 

relevant measurements to date. 

 

Endocrine measurements have been suggested as objective indicators of fertility in dairy 

cows as they accurately describe the physiology of the cow and are not biased by farm 

management. In particular, milk progesterone (P4) levels have been frequently used to derive the 

trait commencement of luteal activity (C-LA), which provides a direct measure of a cow’s ability 

to establish ovarian activity postpartum. Reported C-LA heritability estimates have been found to 

be larger than traditional fertility traits, ranging from 0.12 to 0.32 for log-transformed C-LA 

(Darwash et al., 1997; Häggman et al., 2019; Petersson et al., 2007; Tarekegn et al., 2019). At the 

genetic level, C-LA has been found to be moderately correlated with calving to first service and 

calving interval, having genetic correlations of 0.37 and 0.26, respectively (Tenghe et al., 2015). 

These findings indicate that endocrine traits hold potential as a trait for genetic selection for 

improved fertility in dairy cattle. The integration of P4-based fertility traits in genetic evaluations, 

however, is constrained by difficulties associated with obtaining a sufficient number of samples 

per animal. While recently developed automated in-line systems, such as Herd Navigator (DeLaval 

International, Tumba, Sweden), can effectively measure milk metabolites and P4 levels during 

milking, their considerable cost has limited their widespread adoption in commercial settings 

(Fleming et al., 2019). Therefore, the future application of these traits in breeding programs will 

depend on their regular measurement becoming more readily available. 

 

The development of automated sensor-based technologies has brought about substantial 

progress in effectively recording individual cow estrous-related behaviours and providing 
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unbiased measurements, while significantly reducing labour requirements. Increased estrous 

expression has been commonly associated with improved fertility outcomes (Cerri et al., 2004; 

Madureira et al., 2019; Silper et al., 2017), leading researchers to examine whether activity-based 

measures of estrus may serve as a possible source of novel phenotypes in dairy cattle. Using 

activity tag data from multiple breeds, Løvendahl and Chagunda (2009) evaluated the novel 

interval trait calving to first high activity (CFHA), and reported heritability estimates of 0.12 to 

0.18. In addition, the authors also reported heritability estimates for the strength of high activity 

(h2 = 0.04 to 0.08) and duration of high activity (h2 = 0.02 to 0.08). Consistent with these findings, 

research by Ismael et al. (2015) found that the heritability of CFHA was more than double that of 

the calving to first service trait and reported a genetic correlation of 0.96 between the two traits. 

These results suggest that activity-based measures of estrus may be more effective during selection 

than traditional traits, as they could be more heritable and can be used to derive traits for both non-

lactating and lactating animals. Overall, the progressive expansion of automated estrous detection 

technologies along with increased capability to share and centralize activity data in breeding 

programs position estrous-related activity traits as a promising tool for genetic selection in the 

dairy industry. 

 
1.4 CONCLUSIONS 

 
Efforts to improve reproductive performance in dairy cattle are a critical component in 

ensuring the long-term sustainability of the dairy industry. In this context, several on-farm 

strategies and breeding programs have been developed, applied and tailored in an effort to better 

manage the multifactorial nature of fertility. Synchronization protocols and automated 

technologies in dairy production systems have been useful management tools to address the 

challenges of poor estrous expression and detection. On the other hand, the incorporation of 
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functional traits into current genetic selection indices across the dairy industry has contributed 

towards the cumulative and long-term improvement of dairy reproductive performance. The 

increased availability of large datasets collected from automated sensor systems in recent years 

has sparked new interest in phenotyping individual events that directly reflect the cow’s 

physiological or behavioural status. In particular, these phenotypic measures (i.e. activity and 

endocrine profiles) provide new opportunities to identify and evaluate novel traits that place 

selection pressure on specific components of fertility such as estrous cyclicity and estrous 

expression. Preliminary research testing the applicability of these novel traits suggests they are 

heritable and can provide more accurate breeding value estimates. At the current state of 

knowledge, a comprehensive assessment of new phenotypes is still required to determine what 

kind of advantage, if any, they may provide over the use of traditional fertility traits. 
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1.6 TABLES 

 
Table 1.1. Sensitivity, specificity and positive predictive value (PPV) of different automated 
activity monitoring (AAM) systems. 
 

Reference AAM system (position) Sensitivity1 

(%) 
Specificity1 

(%) 
PPV1 

(%) 
Gold 

Standard2 

Hockey et al., 2010 Rescounter	II	(neck) 79 - 94 90 - 98 36 – 76 P4 

Løvendahl and 
Chagunda, 2010 
 

Alpro (neck) 56 – 84 96 – 100 44 – 84 P4 

Holman et al., 2011 Heatime (neck) 
Afitag (leg) 
 

59 
63 

 94 
74 

P4 

Jónsson et al., 2011 IceTag 3D (leg) 89 99 84 PREG 

Aungier et al., 2012 Heatime (neck) 72 72 67 P4 

Kamphuis et al., 2012 Heatime (neck) 
Heatime + Rumination 
(neck) 
 

52 - 62 
67 – 77 

99 
99 

64 - 77 
72 – 82 

P4 

Valenza et al., 2012 Heatime (neck) 87 85 95 OV 

Chanvallon et al., 
2014 

Afitag (leg) 
Heatime (neck) 
Heatphone (neck) 

71 
62 

61 – 62 

 71 
83 

66 - 87 

P4 

Michaelis et al., 2014 Heatime (neck) 36  84 PREG 

Talukder et al., 2015 Hi Tag (neck) 78 57 70 P4 

Mayo et al., 2019 AfiAct Pedometer (leg) 
CowScout S Leg (leg) 
IceQube (leg) 
HR Tag (neck) 
CowManager (ear) 
Track a Cow (leg) 
 

81 
77 
57 
42 
90 
70 

87 
100 
83 
92 
100 
91 

97 
100 
96 
97 
100 
97 

P4 
(serum) 

Schweinzer et al., 
2019 

SMARTBOW (ear) 97 98 94 PREG 

 

1Ranges were obtained from studies applying multiple threshold values in order to identify animals in estrus 
(increases in threshold values resulted in decreased AAM system sensitivity and increased PPV) 
2 OV: ovulation following estrous synchronization; P4: milk (or serum) progesterone concentrations sampled 2-3 
times weekly; PREG: confirmed pregnancy 
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Table 1.2. Summary of fertility traits in selection indices in seven milk producing countries.  
 
 

Country Reference Index1 Fertility weight 
(%) 

Fertility traits2 

Canada Canadian Dairy 
Network, 2020; 

Fleming et al., 2019 
LPI 14 

AF, ICF, IFLC, 
IFLH, NRR56C, 
NRR56H 

Denmark, 
Finland, 
Sweden Kargo et al., 2014 NTM 11 ICF, IFLC, IFLH, 

NSC, NSH 

Great Britain Agriculture and 
Horticulture 

Development Board, 
2017 

£	PLI 15.3 CI, NRR56 

New Zealand Dairy New Zealand, 
2020 BW 13 CI, CR42, PM21 

United States VanRaden et al., 
2018 NM$ 11 CRC, CRH, DPR 

1 LPI = lifetime performance index; NTM = Nordic total merit; ISU = France total merit index; RZG = German total 
merit index; £PLI = profitable lifetime index; BW = breeding worth; NM$ = net merit 
2 AF = age at first service; NRR56 = 56 non-return rate; ICF = interval between calving and first insemination; IFL 
= interval between first insemination and conception; CI = calving interval; DPR = pregnancy rate for each estrous 
cycle; NS = number of services; PM21 = mating in the first 21 d of herd’s mating period; CR42 = re-calving in the 
first 42 d of the herd’s calving period; CR = conception rate. Subscripts: C = cow, H = heifer  
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Table 1.3. Number of populations (n), minimum (Min), maximum (Max), pooled mean heritability 
estimates for traditional female fertility traits in Holstein-Friesian cows. Adapted from Berry et al. 
(2014). 

 

Measure of fertility n Min Max Mean (SE) 

Binary Traits:     

      Conception rate (CR) 10 0.010 0.170 0.023 (0.001) 
      Non-return rate (NRR) 7 0.010 0.040 0.027 (0.000) 
      Submission rate 3 0.020 0.060 0.033 (0.004) 

Count Traits:     
      Number of services per 
conception (NSPC) 13 0.016 0.070 0.021 (0.001) 

Interval Traits:     

     Calving to first heat (CFH) 2 0.160 0.180 0.174 (0.025) 
     Calving to first service (CFS) 20 0.020 0.110 0.052 (0.001) 
     Calving interval (CI) 15 0.010 0.070 0.034 (0.001) 
     Days open (DO) 7 0.020 0.060 0.038 (0.002) 
     First to last insemination (FLI) 9 0.0010 0.070 0.032 (0.001) 
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1.7 FIGURES 

 

 

Figure 1.1. Summary of common modifications and presynchronization programs applied to the 
original Ovsynch protocol. Adapted from Wiltbank and Pursley (2014).  
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CHAPTER 2: IDENTIFICATION AND EVALUATION OF NOVEL ESTROUS-
RELATED FERTILITY TRAITS USING AUTOMATED SENSOR DATA FROM 

COMMERCIAL HOLSTEIN HERDS 

2.1 ABSTRACT 

 
The aim of this study was to identify fertility traits using automated sensor measurements 

related to estrous expression, estimate their genetic parameters and perform an impact assessment 

of the traits’ direct selection on traditional fertility trait performance. Breeding records (n = 38,594) 

and computed fertility index values (n = 1,364,773 ) collected between 2016 and 2020, from three 

U.S. commercial Holstein herds having cows fitted with a collar-mounted accelerometer system 

(Heatime; SCR Engineers Ltd., Israel), were analyzed for number of days from calving to first 

high activity (CFHA), estrous duration (ED), maximum and mean estrous strength (ESmax and 

ESmean), and the interval from the start of high activity episode to maximum estrous strength 

(SHAM). Genetic parameters were estimated by Bayesian inference using univariate and bivariate 

mixed animal models. Heritability estimates (± SE) for the novel sensor-based traits were 0.03 ± 

0.02 for CFHA, 0.05 ± 0.01 for ED, 0.03 ± 0.01 for ESmax, 0.03 ± 0.01 for ESmean and 0.02 ± 0.01 

for SHAM and their repeatabilities, exclusive of CFHA, 0.16 ± 0.01, 0.14 ± 0.01, 0.14 ± 0.01, 0.02 

± 0.01, respectively. Genetic correlations between the four traits that characterize estrous events 

were moderate to strong. Correlations involving ED pairings with ESmax, ESmean and SHAM were 

0.77 ± 0.14, 0.82 ± 0.11, and 0.55 ± 0.18, respectively. SHAM was strongly correlated with ESmax 

(0.78 ± 0.16) and ESmean (0.77 ± 0.16). As expected, the genetic and phenotypic correlations 

between ESmax and ESmean were strong at 0.98 ± 0.02 and 0.94 ± 0.01, respectively. Genetic 

correlations involving CFHA varied considerably with values of 0.08 ± 0.24 for ED, 0.54 ± 0.21 

for ESmax, 0.30 ± 0.25 for ESmean, and -0.06 ± 0.26 for SHAM. Phenotypic correlations between 

CFHA and the other studied traits were moderate ranging from 0.32 with SHAM to 0.54 with 
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ESmax. Cross tabulations of the traits’ genetic merit with success at first insemination (SFI) and the 

number of services per conception (NSPC) revealed several significant relationships (P < 0.05) 

between the estimated breeding values (EBVs) for ESmax, ESmean, SHAM and CFHA, and the 

traditional traits’ performance. High EBVs for ESmax, and low EBVs for CFHA were positively 

associated with higher rates of success at first insemination (SFI), while high EBVs for ESmax, 

ESmean and SHAM were more likely to require fewer services per conception. No significant 

associations were observed for ED. With the exception of CFHA, the progeny of the top-ranking 

sires for each trait were found to have, on average, slightly higher conception rates with 

performance differentials of 1.3% to 7.8%. This research shows that automated sensor index values 

could be used to define and evaluate several heritable fertility traits in dairy cattle. Further research 

is required to fully understand and determine the effectiveness of the studied traits on the genetic 

improvement of fertility within well-managed herds. 
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2.2 INTRODUCTION 

 
The systematic improvement of reproductive efficiency in dairy cows has become a leading 

global priority within the dairy industry. As such, many countries have progressively expanded 

their selection indices from predominantly production-oriented traits to the inclusion of traits 

related to health and fertility (Fleming et al., 2019; Cole and VanRaden et al., 2018; Miglior et al., 

2005). Progress on improving fertility through genetic selection, however, has been limited due to 

the complex, multifactorial nature of traditional fertility traits, and the difficulty in quantifying 

their underlying genetic variance. 

 

Fertility improvement interventions have commonly focused on direct measures of fertility 

associated with cyclicity and the ability to conceive. Low heritabilities for these aspects of 

reproductive performance have been widely documented and shown to be considerably influenced 

by management practices (reviewed in Veerkamp and Beerda, 2007; Berry et al., 2014). To 

overcome these shortcomings, recent efforts have shifted their focus to on-farm technologies that 

can provide precise phenotypic measures of an animal’s reproductive status. In this context, the 

uptake of automated sensor technologies have created unique opportunities to identify reliable and 

cost-effective phenotypes that could improve the rate of genetic gain (Berglund, 2008; Dennis et 

al., 2018; Cole et al., 2020). The ability to collect large datasets at the cow and herd level with less 

dependence on producers’ management decisions, has prompted particular interest in sensor-based 

measures of estrous expression as alternative indicators of fertility. 

 

Recent evidence has shown that estrous expression characteristics (duration and intensity 

values) are significantly associated with reproductive outcomes. For instance, research by 
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Madureira et al. (2015) showed that cows that expressed high-intensity estrus had greater 

pregnancy per AI compared with low-intensity estrus cows, as measured by automated activity 

monitors. Similarly, research evaluating lying time and its association with fertility also reported 

a positive relationship between increased intensity of estrous expression and pregnancy rates 

(Silper et al., 2017). Further emerging genetic studies have demonstrated that novel estrous-related 

traits derived from sensor-based activity measurements can have higher heritability estimates than 

traditional traits. One such example is the trait interval from calving to the first sign of high activity 

(CFHA) as defined by Løvendahl and Chagunda (2009) and studied by Ismael et al. (2015). In 

addition, these researchers reported strong genetic correlation between CFHA and the interval 

between calving to first insemination, a traditional trait, suggesting novel traits may provide an 

advantage over traditional traits by increasing the genetic gain achieved through selection. 

 

Together, these considerations highlight the potential benefits of automated activity 

sensors as an objective source of phenotypes for fertility. However, a detailed and comprehensive 

examination of novel sensor-based traits is required prior to their consideration into national 

breeding programs. In particular, the application of proprietary sensor-derived measures of estrus 

generated by automated technologies needs to be investigated. Thus, the objectives of this research 

were: (1) to define and identify novel sensor-based fertility traits using automated activity monitor 

records from commercial dairy herds; (2) to estimate genetic parameters for these newly defined 

traits, and; (3) assess their association relative to traditional trait performance. 
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2.3 MATERIALS AND METHODS 

 
A total of 1,364,773 automated sensor and 38,594 breeding records from 5,120 lactating 

Holstein cows were obtained from three U.S commercial herds. Data for the herds included records 

collected from 2016 to 2020. For all herds, the primary reproduction management strategy relied 

on estrous detection using a combination of visual observation and automated activity monitoring 

systems. Pedigree information used in this research covered 15 generations, including 63,778 

individuals (77.7% with both parents known, 8.4% with one parent known and 13.9% founders). 

 

2.3.1 Automated Sensor Data and Sensor-based Fertility Trait Definition 
 

Automated sensor data consisted of computed fertility index values, obtained in 2-hour 

blocks from lactating dairy cows fitted with a commercial, collar-mounted accelerometer tag 

(Heatime; SCR Engineers Ltd., Israel). Fertility index values were automatically generated using 

a proprietary algorithm designed to detect deviations in a cow’s activity relative to a baseline 

pattern determined by the values of the previous 14-day period. Only bihourly records associated 

with fertility index values greater than zero were made available for all farms. A minimum fertility 

index threshold value of 30 (out of 100) was used to identify and subsequently characterize 

episodes of high activity associated with estrus, consistent with the manufacturer’s recommended 

threshold setting. 

 

The timing of high activity periods as well as maximum and mean index values were 

recorded for each continuous timeframe where the animal’s activity was above the threshold. The 

onset and ending boundaries of an activity period exceeding the established threshold were defined 

as the first and last hour of the initial and final 2-hour blocks, respectively.  
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Several editing procedures were applied to the automated sensor datasets to ensure their 

validity.  Sensor records for cows with lactations associated with calving dates that occurred more 

than 15 days in advance from the start of each farm’s dataset period were removed. In those 

instances where a cow had data for more than one parity, only the most recent parity and its 

corresponding sensor records were included in the analysis. Sensor-defined estrous episodes 

recorded during confirmed pregnancy periods were deemed false-positive readings and removed. 

In addition, estrous events detected less than two days apart were considered a single episode, with 

a duration spanning from the start of the first event to the end of the last one. Further, estrous 

episodes occurring within 15 days postpartum were discarded based on what is expected 

biologically. In those instances where two consecutive estrous episodes occurred within 14 days 

of each other, breeding records and mean fertility index values were considered in order to select 

between the two events. In scenarios where both estrous events were followed by insemination, 

only the first estrous event was kept. Alternatively, when only one estrous event was followed by 

insemination, the remaining record was discarded. In the absence of insemination, the estrous 

event with the highest mean fertility index value was kept.  

 

For this study, the following sensor-based fertility traits were retrospectively defined for 

each high activity episode identified by the Heatime system: 

i) Calving to First High Activity (CFHA) refers to the interval (in days) between calving 

and the start of the first detected estrous episode; 

ii) Estrous Duration (ED) refers to the period (in hours) from the start of the first 2-hour 

block to the end of the last 2-hour block above the fertility index threshold value; 
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iii) Maximum Estrous Strength (ESmax) refers to the maximum fertility index value during 

an estrous episode; 

iv) Mean Estrous Strength (ESmean) refers to the mean fertiltiy index value during an 

episode of estrus; and 

v) Start of High Activity Episode to Maximum Estrous Strength (SHAM) refers to the 

interval from the commencement of the high activity episode to the start of the first 2-

hour block with the maximum fertility index value (in hours). 

 

Records of the above traits were examined and edited to manage the presence of outliers 

and unusual biological events. With respect to CFHA, animals with values greater than 341 days 

were excluded from the dataset as the length of their interval exceeded three standard deviations 

from the mean. In turn, SHAM records with values greater or less than three standard deviations 

above the mean were considered unrepresentative of the normal herd and, therefore, replaced with 

the corresponding upper limit value of 28 hours. For the ED trait, values were limited to a range 

between 6 and 70 hours. The lower limit of the range was based on the shortest ED value associated 

with a recorded conception in the dataset. ED’s upper limit corresponded to three standard 

deviations above the mean.  

 

2.3.2 Breeding Data and Traditional Fertility Trait Definition 

Breeding data, containing parity, breeding and calving date information, were subjected to 

several editing criteria. In the first place, records were restricted to those with days in milk (DIM) 

values less than 365 days. With regards to gestation lengths, records with values outside a range 

of 253 to 296 days were removed. Also discarded, were breeding records displaying days to first 
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service less than 15 days or greater than 230 days. Possible repeat inseminations were considered 

as 2 separate inseminations when the interval between services was more than 14 days. Breeding 

events occurring within 14 days of an earlier breeding were considered security inseminations and 

removed from the dataset. 

 

The edited fertility dataset was used to calculate two traditional reproductive traits, namely, 

success at first insemination (SFI), a binary trait coded as 1 or 0 for success or failure, and number 

of services per conception (NSPC) classified as 1, 2, 3 or > 4. These traits, in turn, were used to 

evaluate the performance of sensor-based fertility traits. 

 

Following the completion of the editing procedures, only records for animals linked to 

pedigree information were retained in the final dataset. The remaining records represented animals 

that were the progeny of 1,140 known sires (3.9 ± 0.36 daughters per sire) and 4,024 dams (1.2 ± 

0.01 daughters per dam). 

 

2.3.3 Statistical Analysis 

The sensor-based traits were transformed to provide better normalization given the high 

degree of skewness observed in their distribution. A natural logarithm transformation was applied 

to ESmax and ESmean values, while cube-root, square-root and Box-Cox transformations were 

applied to ED, SHAM and CFHA values, respectively. 

 

Analyses of the edited and transformed dataset involved application of linear and 

generalized linear mixed models using the lme4 package (Bates et al., 2015) of the R software (R 
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Core Team, 2019) to identify the fixed effects influencing individual traits. The tested effects, 

namely calving contemporary group, estrus contemporary group, parity, estrous-episode count, 

age at calving and age at detected estrus, were selected on the basis of biological importance, data 

availability and literature evidence. The contemporary group (CG) consisted of herd, year and 

season effects, where year and season (broken down in 4 calendar quarters based on the distribution 

of the data) were associated with periods of either calving or estrus. Parity and estrous-episode 

count were classified into 4 groups (1, 2, 3, >4) and 8 groups (1, ..., >8), respectively. Both age 

variables were measured in days and filtered to remove outliers (>3,000 days).  

 

Trait models were developed using a backwards selection procedure (using Wald tests, 

with α = 0.05). CG and parity effects were always included in the models, regardless of their 

significance level. The effect of estrous episode count was not considered in the model for CFHA 

as the trait’s interval is specifically defined by the occurrence of the first estrous episode. The CG 

and age variables selected for inclusion in the models were based on the Akaike’s information 

criterion values calculated using the maximum likelihood approach. The resulting composition of 

CG for the ED, ESmax, ESmean and SHAM traits was herd, year of estrus and season of estrus. For 

CFHA, the CG consisted of herd, year of calving and season of calving. For all traits, CG 

subclasses with fewer than thirty animals were excluded from the analyses. Due to the presence of 

repeated trait measurements, permanent environmental effects were included in select models as 

random effects. 

 

The genetic connectedness among the traits’ CG was evaluated through total direct genetic 

links between CGs using the AMC software (Roso and Schenkel, 2006). A minimum of 10 direct 
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genetic links were required to include a CG in the main set of connected groups. No disconnected 

CGs were found in the dataset. 

 

2.3.4 Genetic Analysis  

(Co)variance components and genetic parameters were estimated by Bayesian inference 

using the Gibbs sampling algorithm implemented in the THRGIBBS1F90 software (Misztal et al., 

2018). Univariate analysis was used to estimate heritability based on variance components for the 

individual traits. Bivariate analyses were performed to estimate genetic and phenotypic 

correlations among the sensor-based traits. 

 

Repeatability animal models were fitted for ED, ESmax, ESmean and SHAM, and included 

additive genetic, permanent environmental and residual effects as random effects. The models’ 

fixed effects accounted for parity, estrous-episode count, estrous-based CGs, and age at estrous 

episode fitted both, as a linear and quadratic covariable nested within parity. A separate animal 

model was developed for CFHA, which incorporated changes to both the random and fixed effects 

relative to the other models.  The permanent environmental effect was excluded from the random 

effects as there were no repeated measurements on a given animal. With respect to fixed effects, 

the CFHA model did not include estrous-episode count and used contemporary groups based on 

calving instead of based on estrus. All other model effects were kept unchanged. The individual 

model components for each trait are summarized in Table 2.1. 
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The matrix notation of the general model used in the genetic analyses was: 

𝑦 = 𝑋𝛽 + 𝑍!𝑎 + 𝑍"𝑝𝑒 + 𝑒 

where 𝒚 is a vector of observations; 𝜷 is a vector of fixed effects; 𝒂 is a vector of random additive 

genetic effects; 𝒑𝒆 is a vector of random permanent environment effects; 𝒆 is a vector of random 

residual effects, 𝑿, 	𝒁!	and 𝒁"	 are incidence matrices relating observations to their respective fixed 

and random effects. The expectations of the vectors and (co)variance structure of random effects 

for the models were as follows: 

 
For ED, ESmax, ESmean and SHAM:  

𝐸 5

𝑦
𝑎
𝑝𝑒
𝑒

6 = 7

𝑋𝛽
0
0
0

9 , 𝑣𝑎𝑟 <
𝑎
𝑝𝑒
𝑒
= = 5

𝐴𝜎#" 0 0
0 𝐼$%𝜎$%" 0
0 0 𝐼%𝜎%"

6 

For CFHA: 

𝐸 <
𝑦
𝑎
𝑒
= = A

𝑋𝛽
0
0
B , 𝑣𝑎𝑟 C𝑎𝑒D = E𝐴𝜎#

" 0
0 𝐼𝜎%"

F 

 
where 𝐴 is the numerator relationship matrix of all animals, I is an identity matrix equal to the 

number of observations. The direct additive genetic, permanent environmental, and residual 

variances are represented by 𝜎#", 𝜎$%"  and 𝜎%", respectively. The genetic, permanent environmental 

and residual effects were assumed to be independent.  

 

For the purposes of this research, it was assumed that management practices were uniform 

within contemporary groups and that all measurements were accurately recorded using well 
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maintained/managed automated sensor systems. Collars were assumed to have remained 

permanently attached to the animal throughout the recorded period. 

 

For each genetic analysis, chains of 1,000,000 iterations were generated, with a thinning 

interval of 250. The first 100,000 iterations were discarded as burn-in. Thus, 3,600 samples were 

used for parameter estimation. Data convergence was validated using the Geweke diagnostics, 

autocorrelation criteria and graphical analysis using the “CODA” R software package (Plummer 

et al., 2006). The latter included posterior density and trace plots of the heritability, as well as 

estimated variance components and heritability. 

 

The heritability and repeatability for the posterior marginal distribution samples were 

computed in each iteration as ℎ" = &'
((*)

,&'
((*)-&./

((*)-	&/
((*)1

 and 𝑟 =
&'
((*)-	&./

((*)

,&'
((*)-&./

((*)-	&/
((*)1

, where k is the 

Markov chain Monte Carlo iteration. Mean, standard deviation and 95% highest posterior density 

intervals were calculated for the heritability and repeatability using the posterior distribution.  

 

Similarly, in the bivariate analyses, mean genetic correlations were estimated from the 

Markov chain Monte Carlo iterations as 𝑟2 =
&'3,'5
(*)

6(&'3
((*)&'5

((*))
 , where 𝜎#7,#8 	is the additive genetic 

covariance between trait i and j, and 𝜎#7" 	and 𝜎#8"  are the additive genetic variance estimates for 

trait i and j. Similarly, phenotypic correlations were estimated as 𝑟$ =
&.3,.5
(*)

6(&.3
((*)&.5

((*))
 , where 𝜎$7,$8 	is 

the phenotypic covariance between trait i and j, and 𝜎$7" 	and 𝜎$8"  are the phenotypic variance 
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estimates for both traits, respectively. The same models were fitted for both the univariate and 

bivariate analyses. 

 

2.3.5 Evaluation of Estimated Breeding Values for Novel Sensor-based Traits 

In order to evaluate the reproductive performance associated with sensor-based traits, 

posterior means of animal breeding values were computed for each novel trait. The reliability of 

estimated breeding values (EBVs) for each animal was calculated from the prediction error 

variance ( PEVi,), the additive genetic variance (𝜎#7" ), and inbreeding coefficient (𝐹7)	for individual 

i as 𝑟"	7 = K1 − 9:;3
(!-<3)&'3

( N. 

 

For each trait, phenotyped cows with EBV reliabilities greater than 0.20 were separated 

into two EBV classes corresponding to animals with EBVs 1.64 standard deviations above (high) 

and below (low) the mean. The EBV classes were cross-tabulated with a) success at first 

insemination (SFI), and b) the number of services per conception (NSPC), using a Fisher Exact 

test (P < 0.05) and Pearson Chi-square test (P < 0.05), respectively. Bar plots depicting this 

comparative analysis were also generated. In addition, to assess the impact of sire selection on the 

performance of traditional fertility traits, the progeny of two EBV-based sire groups for each novel 

trait were benchmarked relative to their average SFI performance. The two groups represented the 

top and bottom 20% of sires having at least five daughters with recorded phenotypes and 

reliabilities greater than 0.25.  

 

In a supplementary analysis the effect of the traits’ transformation on the potential re-

ranking of animals was evaluated computing Spearman’s rank correlations between breeding 
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values estimated from transformed and untransformed datasets. The COR.TEST function in the R 

software (R Core Team, 2019) was used to perform the analyses on both phenotyped animals and 

sires. 

 
2.4 RESULTS AND DISCUSSION 

 
2.4.1 Descriptive Statistics 

The final dataset for the novel sensor-based traits consisted of 16,519 estrous episode 

records from 5,120 cows (progeny of 1,140 sires). Lactation classes were well represented with a 

distribution of 44.9%, 27.4%, 17.1% and 10.6% corresponding to lactations 1, 2, 3 and >4, 

respectively. For the ED, ESmax, ESmean and SHAM traits, the average number of records per 

animal and its associated standard deviation were 3.2 ± 1.9. Descriptive statistics of the novel 

untransformed sensor-based fertility traits are presented in Table 2.2, while the traits’ proportional 

distribution is depicted in Figure 2.1.  The distributions for the transformed traits are presented in 

the Supplementary Materials (Figure S1). 

 

CFHA records ranged from 15.0 to 338.0 days. The mean and standard deviation for CFHA 

were 52.9 and 42.0 days, respectively, resulting in a large coefficient of variation (CV) of 79.4%. 

A separate examination of the median (i.e. 41.0) showed that the data were skewed in a positive 

direction (Figure 2.1.A)). This trait estimate was within the range of literature estimates. An earlier 

assessment of activity data by Løvendahl and Chagunda (2010) used an algorithm based on an 

exponentially smoothed time series of activity counts to derive estrous behavioural characteristics. 

Working in an experimental research setting, the authors reported mean values of 38.7 ± 27.3 days, 

43.5 ± 28.5 days, 45.1± 29.1 days for the trait in Red Dane, Holstein and Jersey breeds, 

respectively. Using a similar algorithm, Ismael et al. (2015) reported a mean CFHA value of 49.5 
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± 27.0 days for Holstein records from commercial herds. Research focused on progesterone 

profile-based fertility traits showed comparable results to those obtained by the previously 

mentioned authors. Specifically, studies evaluating commencement of luteal activity, an endocrine 

proxy for CFHA, found mean values ranging from 23.0 to 39.8 days (Häggman et al., 2019; 

Tenghe et al., 2015). Other studies evaluating the traditional fertility trait “fertility trait calving to 

first observed heat” in European dairy herds, have reported similar results to this research with 

mean values varying from 47.9 to 57.0 days (Berry et al., 2012; Pryce et al., 2001; Tarekegn et al., 

2019). In contrast, studies by Berry et al. (2012) and Muuttoranta et al. (2019), using experimental 

dairy herd data from multiple European countries, reported mean intervals from calving to first 

service for primiparous cows of 76 to 111 days. The conflicting results may be related to 

differences in detection algorithms and/or threshold settings used across the various 

technologies. An additional consideration, given that the data from this study was obtained in a 

commercial setting, is that the management of the sensors, including time of attachment and 

maintenance, could have indirectly influenced trait values. 

 

ED records varied from a minimum of 6.0 hours to a maximum of 70.0 hours, with a mean 

of 48.3 hours and a standard deviation of 6.5 hours. This trait showed the lowest CV at 13.5%. 

Estrous duration in the present study was significantly longer compared to previous research by 

Madureira et al. (2015) and Burnett et al. (2018), who used the same automated sensor technology 

but applied a higher fertility index threshold value of 35 working with a research herd. These 

authors reported a mean value of 10.2 ± 0.2 hours and 11.1 ± 5.4 hours respectively for multiparous 

cows in line with biological expectations. Similarly, research involving two other distinct sensor 

technologies found that the average interval between first and last mount using a pressure-sensing 
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system, was 13.6 ± 2.0 hours (Walker et al., 1996), while estrous events defined through alerts 

generated by ear-tag accelerometer systems recorded an average duration of 17.4 ± 4.5 hours 

(Schweinzer et al., 2019). This disparity with the literature on the trait’s values can be linked to 

both, the threshold used to calculate the trait and the way in which the sensor’s algorithm is 

designed to overestimate index values following a biological estrous event in order to facilitate 

management. As well, the editing procedures applied may in part explain the largest ED values, as 

individual detected estrous events that occurred less than 2 days apart were combined into a single 

estrous episode. 

 

ESmax and ESmean, both sensor-based measures of estrous intensity, ranged from a common 

minimum index value of 32.0 to a maximum index value of 100.0 and 97.9, respectively. Mean 

and standard deviation values for ESmax were 89.1 and 17.8, while the same measures for ESmean 

were 82.3 and 16.0. Both traits shared similar CV values at approximately 20.0%. The ESmax 

average values were slightly greater than those reported by studies using the same sensor 

technology. When applying a higher activity index threshold of 35, Madureira et al. (2015) and 

Burnett et al. (2018) found average peak activity values of 69.3 and 72.4, respectively, for lactating 

cows from research herds. Although no studies were found with estimates of ESmean, it would be 

reasonable to infer a similar performance to that of ESmax given their similar definition. 

 

For the interval trait SHAM, records ranged between 0.0 and 28.0 hours with a mean of 

8.0 hours and a standard deviation of 3.8 hours. SHAM reported the second highest CV at 47.5% 

among continuous traits. As depicted in Figure 2.1 E, the trait’s distribution was skewed with a 

pronounced peak at its mode value of 8 hours, which represented over 65.1% of records. 
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2.4.2 Heritability and Repeatability 
 

Estimated variance components, heritability, and repeatability for the novel sensor-based 

fertility traits are shown in Table 2.3. Heritability estimates for the traits were low, ranging from 

0.02 to 0.05. The corresponding standard errors of the heritability estimates were at or below 0.02 

for all traits, indicating a high degree of accuracy for the estimates. Among the traits, ED exhibited 

the highest heritability estimate at 0.05 ± 0.01, while the remaining traits’ estimates were 0.03 ± 

0.02 for CFHA, 0.03 ± 0.01 for ESmax and ESmean, and 0.02 ± 0.01 for SHAM. 

 

Heritability estimates for ED and ESmax/ESmean were comparable to those obtained by 

Løvendahl and Chagunda (2009) and Ismael et al. (2015), who used raw activity data from 

automated estrous detection systems. These authors reported heritability values ranging from 0.02 

to 0.08 for estrous duration, and values of 0.04 to 0.08 for measures of estrous strength. 

Furthermore, when compared to heritability values for estrous intensity based on visual scoring 

(Roxström et al., 2001), ESmax and ESmean were found to be similarly heritable (0.03).   

 

In contrast, the heritability estimate for CFHA (i.e. 0.03) was considerably lower than that 

of previous studies, which have reported estimates between 0.12 to 0.18 based on activity data in 

a mix of commercial and research settings (Ismael et al., 2015; Løvendahl & Chagunda, 2009).  It 

is worth mentioning, however, that the previous studies provided greater standard errors, with 

values that ranged between 0.04 and 0.11. Other studies, estimating the heritability of calving to 

first heat based on automatic in-line milk progesterone records, the gold standard approach for 

phenotyping estrous cyclicity, presented results consistent with the upper limit of the above range. 

In particular, Häggman et al. (2019) calculated a moderate heritability of 0.19 ± 0.11 when 
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evaluating first parity Nordic Red cows, while Tarekegn et al. (2019) reported heritability 

estimates of 0.18 ± 0.05 from 14 herds covering Swedish Red and Holstein cows. The estimate 

disparity in the present research relative to the above studies, may be the result of transforming the 

phenotypes in order to obtain a better approximation to normality, as well as differences in trait 

definition related to the ability to accurately detect the true first heat. In another type of 

comparison, the heritability estimate for CFHA was greater than that of its traditional trait 

counterpart, calving to first insemination (h2 = 0.02; reviewed by Berry et al., 2014). 

 

Unlike the other traits, the absence of existing literature describing SHAM does not allow 

for direct comparisons and analysis with other studies. However, given its low heritability, along 

with its skewed distribution, a larger, more diverse population would be needed to increase the 

precision of the genetic parameter estimates. 

 

The traits’ repeatability estimates were of similar magnitude for ED, ESmax and ESmean at 

0.16, 0.14 and 0.14, respectively, while SHAM’s estimate was the lowest at 0.02. These estimates 

are similar to values previously reported in the literature for traditional fertility traits in Holstein 

cows (0.03 to 0.12; Berry et al., 2014; Hayes et al., 1992; H. N. Kadarmideen et al., 2000; 

Muuttoranta et al., 2019). Since repeatability is a measure of additive genetic and permanent 

environmental variances relative to the total variance, the low estimated repeatabilities together 

with the sensor-based traits’ low heritability estimates are an indication that temporary permanent 

effects are the main determinants of trait performance despite the use of precision technologies for 

trait measurement. These repeatability results are consistent with what would have been expected 

given the strong known influence of external factors on estrous expression (Crowe et al., 2018; 
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Orihuela, 2000). Moreover, these results show that additional record information would be 

required in order to accurately predict an animal’s breeding values for the trait.  

 

Overall, the heritability and repeatability estimates obtained were in-line with the 

expectations for fertility traits, exhibiting a range of low values. The genetic parameter estimates 

for the five traits showed that there is exploitable variation to support their genetic improvement 

through direct selection. Accordingly, if the traits were ranked by their estimated heritabilities, the 

response to direct selection would be greatest for ED followed by CFHA, ESmax, ESmean, and 

SHAM in decreasing order. 

 

2.4.3 Genetic and Phenotypic Correlations 

Genetic and phenotypic correlations (± SE) between the different sensor-based fertility 

traits are shown in Table 2.4. Pairwise combinations of genetic correlations between ED, ESmax, 

ESmean and SHAM were moderate to strong, ranging from a low of 0.55 ± 0.18 for ED and SHAM, 

to a peak of 0.98 ± 0.02 for ESmax and ESmean. Genetic correlations between SHAM and ESmax or 

ESmean were positive (0.78 and 0.77, respectively) and stronger than those found between ED and 

ESmax or ESmean (0.77 and 0.82, respectively). These positive estimates indicate that direct genetic 

selection for any of the traits would result in a favourable correlated selection response in the 

others. Previous research that has analyzed the association between these and/or comparable traits 

are limited. While no literature citation related to SHAM was found, Ismael et al. (2015) reported 

a strong genetic relationship between estrous duration and estrous strength (0.85 ± 0.15), in-line 

with the findings of this study. 
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Phenotypic correlations between the above-mentioned traits, while positive, were generally 

of lower magnitude than their genetic counterparts. The strongest observed phenotypic correlation 

was between ESmax and ESmean (0.94). Aside from this combination, correlations between the traits 

exhibited moderate values varying from 0.44, for ESmean and SHAM, to 0.50 for ESmax and 0.52 

for ED. Together, these estimates indicate that cows that have a longer estrous duration, exhibit a 

stronger estrus, and take more time to reach their maximum estrous strength. These results are 

consistent with findings from other research that, while using other methodologies, studied the 

association between estrous expression and duration. For example, Madureira et al. (2015), 

reported a strong correlation (r = 0.82) between estrous duration and peak activity measures 

derived from the same Heatime system. Working with a combination of endocrine profiles and 

activity monitor data, Aungier et al. (2015) reported that higher peak estradiol blood concentrations 

were associated with longer periods of estrous behaviour. 

  

The near perfect genetic (0.98) and strong phenotypic (0.94) correlation coefficients 

estimated between ESmax and ESmean indicate that these traits are virtually equivalent measures of 

estrous strength. This finding validates what would have been expected given the fact that both 

traits are variant measures of estrous intensity based on the mean and maximum index values from 

the same sample, respectively.  

 

Genetic correlations involving CFHA varied considerably in direction and magnitude. The 

standard errors observed for these estimates were high due to the low number of records. The 

corresponding phenotypic correlations were moderate ranging from 0.32 with SHAM to 0.54 with 

ESmax. Positive and moderate genetic correlations were found between CFHA and estrous strength 
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traits at values of 0.30 ± 0.25 for ESmean and 0.54 ± 0.21 for ESmax. By contrast, correlations with 

ED and SHAM were weak at 0.08 ± 0.24 and -0.06 ± 0.26, respectively. When taken in aggregate, 

these findings prevent the accurate characterization of how CFHA, as defined by fertility index 

scores, affects a cow’s ability to express intense estrus. 

 

Furthermore, these results are not aligned with existing research. Notably, a study by 

Ismael et al. (2015) reported moderate and negative correlations between an untransformed CFHA 

and both ED (-0.68) and estrous strength (-0.58). Other researchers that have independently studied 

the effects of cyclicity and estrous expression traits on reproductive performance have provided 

supporting evidence of the presence of this relationship by way of their link to fertility outcomes. 

For example, the genetic correlations between the number of services and interval traits 

corresponding to calving to first heat or commencement of luteal activity (C-LA) were found to 

be moderate with estimates of 0.40 and 0.25, respectively (Tarekegn et al., 2019). Further, research 

by Tenghe et al. (2015) and Nyman et al. (2014) assessing the correlations between C-LA and the 

trait calving interval reported similar positive associations at 0.26 and 0.54 respectively. At a 

phenotypic level, Santos et al. (2009) reported that shorter intervals from calving to first ovulation 

were associated with increased conception rates. In essence, these findings show that slower 

resumption of cyclicity postpartum is associated with decreased fertility outcomes depicted by 

increased number of services, longer calving intervals and lower conception rates. In regards to 

estrous expression traits, research by Burnett et al. (2017) reported that cows with estrous events 

of longer duration (> 11 hours) had 2.2 times greater odds of resulting in pregnancy as compared 

to those with shorter estrous events (< 11 hours). Additional research in this field has shown that 

strong increases in cow activity during estrus, measured by a pedometer system, yielded greater 
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ovulation rates, pregnancy per AI and reduced pregnancy losses (Madureira et al., 2019). The body 

of evidence presented supports the inference that estrous interval-related traits and estrous 

expression traits have a favourable genetic correlation whereby selection for improved cyclicity 

simultaneously selects for improved genetic merit of estrous expression traits. As such, the 

mismatch between correlation findings for CFHA reported in the present research and the outlined 

literature, calls into question the applicability of CFHA as an effective measure of cyclicity until 

a more in-depth examination of the trait’s definition is undertaken. 

 

In summary, the moderate to strong genetic correlations between estrous expression traits 

indicate that their evaluation could serve well to select for animals with optimal estrous expression. 

Oppositely, the disparities between the expected and observed correlations involving CFHA imply 

that, in its current format, this trait presents significant limitations to its applicability within 

breeding programs.  Overall, this body of knowledge would benefit from research that re-examines 

these associations along with those involving traditional fertility traits. 

 

2.4.4 Validation of Novel Traits as Criteria for Fertility Performance  

A series of cross tabulations were carried out to assess the potential impact of selection 

based on the novel sensor-based traits over the performance of two traditional fertility parameters 

in phenotyped animals. The results, displayed as bar plots, are presented in Figure 2.2. 

 

The genetic merit for ED, defined as cows with EBVs 1.64 standard deviations 

above/below the mean, (Figure 2.2 A)) had no significant association with either SFI or NSPC 

performance (p = 0.060 and p = 0.762, respectively), suggesting that the phenotypic performance 
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of the traditional traits may be independent of their genetic merit for ED. However, cows with 

higher EBVs tended to show a lower success rate at first insemination. The analysis of ESmax and 

ESmean, two highly correlated traits, showed that in both cases there is significant evidence that 

their genetic merits are not independent vis-à-vis NSPC (p = 0.010 and p = 0.005, respectively). 

From Figure 2.2 B) and C), higher EBVs were associated with animals requiring fewer services to 

conceive. With respect to SFI, the higher EBV groups for both ESmax and ESmean had a greater 

success rate at first insemination; however, the difference between EBV groups within each trait 

was only found to be significant for ESmax (p = 0.037). There was no significant relationship 

observed between SHAM relative to SFI (p = 0.339; Figure 2.2 D)). In contrast, SHAM and NSPC 

were found to be significantly associated (p = 0.022), with the higher EBV group being more likely 

to require a single service to conceive. Lastly, EBV classes for CFHA were significantly associated 

with SFI, with a higher proportion of success at first insemination found in animals with favourable 

EBVs (low EBV class). While no relationship was found between CFHA and NSPC (p = 0.064 

respectively), animals in the low EBV group tended to need fewer services. 

 

A supplementary analysis of the sensor-based traits, examined the mean phenotypic 

performance for SFI of the progeny from the top and bottom 20% of sires (Table 2.5). For four of 

the five traits studied, namely ED, ESmax, ESmean and SHAM, the progeny of the top sire group 

showed a higher mean SFI value. The difference between progeny groups for these traits ranged 

from 0.01 for SHAM to 0.08 for ED. These results, while modest, suggest that sire selection for 

these traits may indirectly improve progeny conception rates. In contrast, when evaluating CFHA, 

the average progeny performance of the top sire group had a -0.10 unit differential relative to the 

bottom group. Therefore, selection based on sire EBVs for CFHA may have a negative influence 
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on pregnancy rates for the corresponding progeny. Given that the latter finding runs contrary to 

biological expectations, further research examining the genetic mechanisms underlying this trait 

as well as alternative trait definitions are warranted. 

 

Altogether, the results provide further evidence in support of the potential use of these 

sensor-based traits as fertility indicators. The significant relationship of SFI with both, ESmax and 

CFHA, suggests that direct selection for the genetic improvement of any of these sensor-based 

traits might result in an increase rate of conception at first insemination. Similarly, direct selection 

for ESmax, ESmean and SHAM could favourably impact the number of services needed, as greater 

conception rates at first service are associated with cows of superior EBVs. Further, the 

preliminary characterization of average daughter performance for top and bottom ranking sires, 

suggest that sire selection may have an indirect influence on SFI outcomes. Future validation 

studies, estimating the true genetic and phenotypic correlations of these novel traits with the 

traditional traits, would be important to uncover potential indirect responses to selection. 

 

2.4.5 Rank Correlations of EBVs from Transformed and Untransformed Data   

Rank-order correlations of the breeding values estimated from transformed 

and untransformed trait datasets are presented in Table 2.6. For all traits studied, the phenotyped 

cow group displayed higher correlation coefficients than those of the sire group. Correlations 

among the EBVs of phenotyped cows were relatively close to unity, suggesting that genetic 

evaluations obtained from transformed or untransformed data provide similar outcomes to inform 

selection decisions. Sorted by order of relevance, estimated correlation coefficients were 0.982 for 

ED, 0.978 for ESmean, 0.967 for SHAM, 0.966 for ESmax and 0.944 for CFHA. For sires, EBV 
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rankings for select traits were shown to be strongly affected by the application of transformations. 

Specifically, correlation coefficients for CFHA, ESmax and ESmean differed significantly from unity 

with values ranging from 0.848 to 0.917, indicating substantial overall re-ranking among sires. 

Given the observed impact on animal re- ranking, these findings provide further justification for 

the use of transformed data for the genetic evaluation of these sensor-based traits. 

 
2.5 CONCLUSIONS 

 
In conclusion, commercial fertility index value data from automated sensor technology 

were used to develop five estrous-related fertility traits: CFHA, ED, ESmax, ESmean, and SHAM. 

Variance components and heritability estimates for these traits revealed the presence of additive 

genetic variation, which suggests that their direct genetic selection is possible. Further, the 

favourable genetic correlations found between sensor-based traits related to estrous expression 

indicate that the inclusion of any given trait in the selection criteria would have an additional 

positive indirect effect on the genetic merit for fertility. With respect to CFHA, however, the 

ambiguous correlations estimated with its current trait definition limit its suitability for use within 

breeding programs. The impact assessment of sensor-based traits on the phenotypic performance 

of traditional traits found favourable associations for select trait combinations, particularly those 

including estrous expression traits. In sum, the results from this research suggest that these fertility-

related traits, derived from automated sensor technology index values, could potentially be 

considered for future implementation in genetic evaluations. As an immediate next step, these 

findings will need to be validated through the analysis of sensor-based activity change 

measurements from a larger dataset, and in the case of CFHA, a re-examination of the trait 

definition should be undertaken.   
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2.7 TABLES 

 
Table 2.1. Summary of model components for the transformed sensor-based female fertility traits 
broken down by fixed effect (F) and random effect (R). 
 

 

Model Component 
Trait1 

CFHA ED ESmax ESmean SHAM 

Herd-YearEstrus -SeasonEstrus  - F F F F 

Herd-YearCalving-SeasonCalving F - - - - 

Parity F F F F F 

Estrous episode count - F F F F 

Age at estrous episode 
(linear) nested within parity 

F F F F F 

Age at estrous episode 
(quadratic) nested within parity F F F F F 

Additive genetic effect R R R R R 

Permanent environmental effect - R R R R 

Residual effect                 R R R R R 
1 CFHA = Box-Cox transformation of Calving to First High Activity; ED = cube root of Estrous Duration; ESmax = 
natural logarithm of Maximum Estrous Strength; ESmean = natural logarithm of Mean Estrous Strength; SHAM = 
square root of Start of High Activity Episode to Maximum Estrous Strength. 
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Table 2.2. Number of cows, number of records, overall mean, standard deviation (SD), minimum 
(Min), maximum (Max) for the untransformed novel sensor-based fertility traits. 
 

Trait1 N. of Cows N. of 
Records Mean SD Min Max 

CFHA (days) 5,120 5,120 52.9 42.0 15.0 338.0 

ED (hours) 5,120 16,519 48.3 6.5 6.0 70.0 

ESmax (index) 5,120 16,519 89.1 17.8 32.0 100 

ESmean (index) 5,120 16,519 82.3 16.0 32.0 97.9 

SHAM (hours) 5,120 16,519 8.0 3.8 0.0 28.0 
1 CFHA = Calving to First High Activity; ED = Estrous Duration; ESmax = Maximum Estrous Strength; ESmean = 
Mean Estrous Strength; SHAM = Start of High Activity Episode to Maximum Estrous Strength. 
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Table 2.3. Additive genetic variance (σ2a), permanent environmental variance (σ2pe), residual 
variance (σ2e), heritability (h2), repeatability (r) with standard error (SE) for transformed novel 
sensor-based fertility traits. 
 

Trait1 σ2a σ2pe σ2e h2  ± SE r ± SE 

CFHA (days) 0.0003 - 0.011 0.03 ± 0.02 - 

ED (hours) 0.003 0.006 0.052 0.05 ± 0.01 0.16 ± 0.01 

ESmax (index) 0.035 0.127 0.983 0.03 ± 0.01 0.14 ± 0.01 

ESmean (index) 0.016 0.054 0.430 0.03 ± 0.01 0.14 ± 0.01 

SHAM (hours) 0.006 0.002 0.367 0.02 ± 0.01 0.02 ±0.01 

1 CFHA = Box-Cox of Calving to First High Activity; ED = cube root of Estrous Duration; ESmax = natural 
logarithm of Maximum Estrous Strength; ESmean = natural logarithm of Mean Estrous Strength; SHAM = square 
root of Start of High Activity Episode to Maximum Estrous Strength. 
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Table 2.4. Genetic correlations (below diagonal) and phenotypic correlations (above diagonal)  
between transformed novel sensor-based fertility traits with standard errors.  
 

Trait1 CFHA ED ESmax ESmean SHAM 

CFHA  - 0.34 ± 0.01 0.54 ± 0.01 0.49 ± 0.01 0.32 ± 0.01 

ED  0.08 ± 0.24 - 0.60 ± 0.01 0.60 ± 0.01 0.52 ± 0.01 

ESmax  0.54 ± 0.21 0.77 ± 0.14 - 0.94 ± 0.001 0.50 ± 0.01 

ESmean 0.30 ± 0.25 0.82 ± 0.11 0.98 ± 0.02 - 0.44 ± 0.01 

SHAM - 0.06 ± 0.26 0.55 ± 0.18 0.78 ± 0.16 0.77 ± 0.16 - 

1 CFHA = Box-Cox of Calving to First High Activity; ED = cube root of Estrous Duration; ESmax = natural 
logarithm of Maximum Estrous Strength; ESmean = natural logarithm of Mean Estrous Strength; SHAM = square 
root of Start of High Activity Episode to Maximum Estrous Strength. 
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Table 2.5. Mean Success at First Insemination (SFI) value with standard errors for the progeny 
of the top and bottom 20% of sires for the transformed novel sensor-based fertility traits. 
 

Trait1 EBV 
Ranking N. of Sires Sire EBV 

Threshold N. Progeny Mean SFI value of 
progeny2 

CFHA Top  15 -0.011 487 0.420 ± 0.02 
Bottom  15 0.002 457 0.524 ± 0.02 

ED Top 34 0.033 672 0.486 ± 0.02 
Bottom 34 -0.021 674 0.408 ± 0.02 

ESmax 
Top 29 -0.008 550 0.442 ± 0.02 
Bottom 29 -0.144 777 0.422 ± 0.02 

ESmean 
Top 28 -0.011 450 0.471 ± 0.02 
Bottom 28 -0.102 716 0.447 ± 0.02 

 

SHAM 
Top 15 0.008 535 0.467 ± 0.02 
Bottom 15 -0.041 

 
431 0.454 ± 0.02 

 
1 CFHA = Box-Cox of Calving to First High Activity; ED = cube root of Estrous Duration; ESmax = natural 
logarithm of Maximum Estrous Strength; ESmean = natural logarithm of Mean Estrous Strength; SHAM = square 
root of Start of High Activity Episode to Maximum Estrous Strength.  
2 Where SFI is a binary trait (0 = Failure and 1 = Success). 
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Table 2.6. Spearman rank correlation coefficients between breeding values estimated from 
transformed and untransformed sensor-based trait data for phenotyped cows and sires with 
daughters.  

 

Trait 
Spearman Rank Correlation Coefficients 

Phenotyped Cows Sires 
CFHA  0.944 0.848 
ED  0.982 0.945 
ESmax  0.966 0.868 
ESmean  0.978 0.917 
SHAM  0.967 0.950 
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2.8 FIGURES 

 

 

Figure 2.1. Percentage distribution of records for untransformed A) Calving to First High Activity, 
B) Estrous Duration, C) Maximum Estrous Strength, D) Mean Estrous Strength, and E) Start of 
High Activity Episode to Maximum Estrous Strength. 
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Figure 2.2. Proportional distribution of success at first insemination and number of services per 
conception in relation to cow EBV classes for the transformed novel sensor-based traits.
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2.9 SUPPLEMENTARY MATERIALS 

 

 
 
Figure S1. Percentage distribution of records for the transformed sensor-based fertility traits; A) 
Box-Cox of Calving to First High Activity, B) cube root of Estrous Duration (cube root), C) 
natural logarithm of Maximum Estrous Strength, D) natural logarithm of Mean Estrous Strength, 
and E) square root of Start of High Activity Episode to Maximum Estrous Strength. 
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CHAPTER 3: GENERAL DISCUSSION AND CONCLUSIONS 

3.1 GENERAL DISCUSSION 

 
Genetic selection for production and functional traits has had a transformative effect on the 

dairy cattle industry. However, making genetic progress in all traits of economic interest has been 

challenging, in particular for reproductive traits where the absence of accurate, heritable 

phenotypes has been apparent. In order to ensure continued genetic progress that accounts for 

stakeholders’ changing demands related to fertility, the development and inclusion of novel 

fertility traits is being actively pursued. The rapid advancement and implementation of 

reproductive technologies into herd management strategies represent a significant opportunity to 

objectively and easily collect phenotypes that more closely reflect the actual biology of the animal 

(lactating or non-lactating) on a large-scale. As such, the overall goal of this thesis was to evaluate 

the potential of estrous-related fertility traits derived from automated sensor technology data to be 

included in the selection criteria for reproductive performance in dairy cows. 

 

The research in this thesis focused on assessing genetic aspects related to estrous 

expression, as measured by commercial automated sensor technologies. The approach initially 

centered on the definition of a total of five novel sensor-based fertility traits derived from estrous-

related high activity episodes identified by the proprietary Heatime system algorithm. The traits 

comprised CFHA, ED, ESmax, ESmean, SHAM, and served to characterize detected estrous episodes 

or represent an animal’s ability to cycle. In completing the analyses, genetic parameters were 

estimated for the sensor-based traits followed by an impact assessment of their direct selection on 

traditional fertility trait performance. In all cases, heritability estimates for the traits were low, 

ranging from 0.02 for SHAM to 0.05 for ED, indicating that a proportion of the variation in estrous 
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expression among individual cows was of an additive genetic nature. However, the heavy influence 

of temporary environmental effects estimated for the traits would likely impact their potential merit 

with respect to genetic improvement for fertility in commercial settings. Genetic correlations 

between estrous expression traits (i.e. ED, ESmax, ESmean and SHAM) were moderate to strong and 

positive, indicating that selection for one of the traits would result in a correlated response of 

similar magnitude in the other(s). As expected, ESmax and ESmean were found to be genetically 

identical traits, although ESmean had a slightly stronger genetic correlation to ED than ESmax. 

Correlations with CFHA across traits were highly variable, suggesting that it may not serve as a 

reliable indicator of postpartum cyclicity in dairy cows, given its low heritability and ambiguous 

association with estrous expression traits. A complementary analysis examining the relationship 

of the traits’ EBVs with existing fertility parameters found that high genetic merit for ESmax, 

ESmean, SHAM and CFHA was positively associated with SFI and/or NSPC performance. While 

no statistically significant associations were identified between ED and these traditional traits, 

ED’s moderate to strong genetic correlations with the other sensor-based traits suggest that its 

direct selection could nevertheless indirectly impact an animal’s SFI and NSPC. Comparisons 

between the top and bottom ranking sire groups for the four estrous expression traits were able to 

positively discriminate, with varying degrees, the average SFI performance of the progeny groups. 

By contrast, the same comparison for CFHA showed a higher SFI mean value for the progeny of 

the bottom ranking sires, further highlighting the unstable nature of this trait. 

 

The research findings indicate that fertility index values generated by automated sensor 

technologies could be used to identify and evaluate several sensor-based fertility traits in dairy 

cows. In regard to the specific traits studied, the analyses provided valuable insights on their 
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genetic merit and interrelationships, as well as on their linkages with traditional traits. While the 

results suggest that some of these novel traits could be considered promising tools for the genetic 

improvement of fertility in well-managed herds, this new knowledge should not be construed as 

conclusive evidence for the inclusion of a particular trait within selection criteria at this time. 

 
3.2 LIMITATIONS AND AREAS FOR FUTURE RESEARCH 

3.2.1 Research Dataset 

The dataset used for the genetic analysis of novel fertility traits represented a subset of the 

North American commercial dairy cattle population. Only breeding and fertility index records 

obtained from Holstein cows located in three south western U.S herds were used to derive the 

traits. The estrus data provided was limited to animals with index values greater than zero, which 

in some cases, may have led to the overestimation of the interval trait CFHA as it was not possible 

to accurately identify the initial period of sensor attachment. An additional consideration related 

to the index, is the fact that the algorithm used to compute its values was developed as a 

management tool to detect estrus and provide producers with an appropriate insemination window. 

As such, index values not only encompass a biological estrous event but also account for a 

timeframe in which the animal can be inseminated.  

 

In light of the data characteristics, the findings of this research should be considered as an 

early projection into the potential applicability of fertility-related sensor data within genetic 

evaluation programs. Future research evaluating the prospects of sensor-based fertility traits 

should be undertaken using data which includes the full range of index values from a larger, more 

diverse population to improve the accuracy of these estimates. Validation studies assessing the 

correlation between index and direct biological measures are also needed in order to confirm the 
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biological relevance of these fertility performance measures. Additionally, it would be valuable to 

explore how reproductive management strategies (e.g. TAI) and certain environmental factors 

affect trait measurements, to determine under what scenarios the recording of sensor-based traits 

would be an appropriate measure of an animal’s genetic merit for reproductive performance. 

 

3.2.2 Genetic Analyses 

A trait’s suitability for use in a breeding program depends on the presence of substantial 

genetic variation, as well as its genetic correlation with other traits of interest. In Chapter 2, low 

heritabilities were estimated for the novel sensor-based traits. While these findings imply that 

selection for these traits is possible, their potential inclusion in a breeding program would result in 

slow rates of genetic gain comparable to existing traits. Notwithstanding this assertion, the 

assessment of the true merit of these traits should also consider their attributes as well as their 

impacts on other traits of importance (e.g. milk production) as predicted by genetic correlations. 

In this respect, the scope of the analysis in this study was limited to genetic correlations between 

the novel sensor-based traits, and to a preliminary evaluation of the impact of direct selection of 

these traits on NSPC and SFI. Therefore, as a next step, the scope of the assessment needs to be 

expanded to cover the correlations between the novel traits and routinely evaluated traits to 

ascertain their utility and value to breeding programs. 

 

3.2.3 Applicability of Automated Sensor Technologies 

In an agricultural business environment where multiple automated sensor-based 

technologies compete for market share, being able to widely extrapolate research results derived 

from their use is a major consideration in terms of their potential application at a national level. In 
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the absence of an industry standard, the main challenge with automated sensor technologies is that 

they differ considerably in measurement methodologies, including device placement, target 

behaviours and algorithms. While studies evaluating the performance of different systems have 

shown that they can display similar sensitivity, specificity and positive predictive values, there is 

insufficient research detailing whether there is strong agreement between systems for specific 

estrous expression measurement values. Such information would provide an important and 

necessary framework for future standardization recommendations for the studied traits. 

 

Differences in threshold settings as well as the reference period used by the algorithm to 

define estrus are among the recognized factors influencing the characterization of estrous events. 

As such, the use of proprietary index scores specific to the Heatime system in the current research 

study limits the immediate applicability of the findings. This constraint is particularly relevant for 

interval traits, as different determinations of time of estrus onset or end between systems can 

significantly affect trait values. As a result, additional research with different estrous detection 

systems is required in order to obtain a comprehensive understanding of the genetic components 

underlying estrous expression characteristics. 

 
3.3 FINAL REMARKS  

 
Expanded breeding programs coupled with improved phenotyping strategies offer the 

opportunity to directly select on fertility traits linked to specific stages of the reproductive cycle. 

In this context, on-farm precision technologies could become a valuable selection tool by 

facilitating the quantitative description of reproductive events. Along this vein, several exploratory 

studies, such as this thesis research, have begun to examine the prospects of a number of different 

fertility traits based on individual activity and/or hormonal pattern data captured by these systems. 
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In dairy operations, automated sensor technologies designed to assist producers in their 

breeding decisions represent a major yet untapped resource for genetic improvement programs. 

Notably, the pursuit of more efficient estrous detection parameters has led to the evolution of these 

technologies with the consequent development of diverse proprietary algorithms to transform the 

raw data into fertility-related measurements. The availability of objective measurements such as 

fertility indices, has made them a focus of attention to source fertility phenotypes due to their 

precise measurement of estrous events, thereby providing a potential advantage over traditional 

traits that rely on breeding records. 

 

The project’s outcomes provide new insight on how to best use automated sensor 

technology measurements to improve selection for reproductive performance. Research results 

suggest that fertility index values from these technologies could be used to define heritable fertility 

traits in well-managed commercial herds. While an improvement in data quality was achieved by 

minimizing the influence of management on trait measurement accuracy, environmental factors 

remained a major source of variance for the traits. Future technological improvements may 

integrate additional physiological parameters that could better reflect an animal’s true reproductive 

merit. At the present stage, however, it is too early to determine which, if any, of the fertility 

measures would be an appropriate selection criterion in a breeding program. A detailed comparison 

of index-based traits with their equivalent traits derived from the sensor’s unprocessed activity 

data will be necessary to validate these findings. A positive confirmation would support the 

application of index values given their simplicity in terms of reduced editing and data storage 

requirements.  


