ABSTRACT

GADDIS, KRISTEN LEE PARKER. Improvement of Dairy Cattle Health Through the
Utilization of Producer-Recorded Data and Genomic Methods. (Under the direction of
Christian Maltecca and Joseph P. Cassady.)

The overall objective of this study was to investigate utilization of producer-recorded
data in order to improve dairy cattle health. Producer-recorded dairy cattle data were
obtained for production and health traits, as well as overall herd characteristics. Initial
analyses determined the plausibility of health data recorded through on-farm recording
systems throughout the United States. There were originally over 8 million health records
available from 1996 through 2009. Original production data consisted of 1.8 million records
from over 450,000 cows. Editing criteria were developed and implemented. In order to
validate editing methods, incidence rates of on-farm recorded health event data were
compared to incidence rates reported in literature. Calculated incidence rates ranged from
1.37% for respiratory problems to 12.32% for mastitis. Most health events had incidence
rates lower than the average incidence rate found in literature. Path diagrams developed
using odds ratios calculated from logistic regression models for each of 13 common health
events allowed putative relationships to be examined. The greatest odds ratios were
estimated to be the influence of ketosis on displaced abomasum (15.5) and the influence of
retained placenta on metritis (8.37), and were consistent with earlier reports. Additional
data were obtained and variance components and heritabilities were estimated for health
traits most commonly experienced by dairy cows with pedigree as well as genomic
data. Single-step analyses were conducted to estimate genomic variance components
and heritabilities for common health events. A blended H-matrix was constructed for

a threshold model with fixed effects of parity and year-season and random effects of



herd-year and sire. The single-step genomic analysis produced heritability estimates that
ranged from 0.02 (SD = 0.005) for lameness to 0.36 (SD = 0.08) for retained placenta.
Significant genetic correlations were found between lameness and cystic ovaries, displaced
abomasum and metritis, and retained placenta and metritis. Sire reliabilities increased,
on average, approximately 30% with incorporation of genomic data. Implementations of
single-trait and two-trait models were compared based on predictive ability using BayesA
and single-step methods for mastitis and somatic cell score with a restricted dataset.
Estimated sire breeding values were used to estimate number of daughters expected to
experience mastitis. Predictive ability of each model was assessed using sum of y? and
proportion of wrong predictions. Depending on model implemented, heritability of liability
to mastitis ranged from 0.05 (SD = 0.02) to 0.11 (SD = 0.03) and heritability of somatic
cell score ranged from 0.08 (SD = 0.01) to 0.18 (SD = 0.03). Posterior mean of genetic
correlation between mastitis and somatic cell score was 0.63 (SD = 0.17). The single-step
method had best predictive ability among univariate analyses of mastitis. Conversely,
the BayesA univariate model had the smallest number of wrong predictions. Best model
fit was found for single-step and pedigree-based models. Bivariate single-step analysis
had a better predictive ability than bivariate BayesA; however, bivariate BayesA analysis
had the smallest number of wrong predictions. Lastly, over 1,000 herd characteristic
variables were utilized to benchmark herd health status. Health events were grouped into
three categories for analyses: mastitis, reproductive, and metabolic. Herd incidence was
calculated for each category based on individual cow records and converted to a binary
indicator of either low or high incidence. Models implemented included stepwise logistic
regression, support vector machines, and random forest. Stepwise regression models had
the poorest predictive performance with accuracy ranging from 0.42 for reproductive

events up to 0.46 for metabolic events when splitting data based on year. Highest accuracy



was estimated for random forest models for all health event categories; however, this was
not statistically different from accuracy obtained with support vector machine models.
Highly signficant variables and key words from logistic regression and random forest
models were also investigated. Combined results from these analyses provide evidence
for the value of data recorded by producers on-farm and the possibility of utilizing these
data for benchmarking herd health status. A wealth of information is gathered regularly

that can be used for improvement of dairy cattle health.
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CHAPTER

ONE

LITERATURE REVIEW

1.1 Introduction

Production traits in dairy cattle are generally easy and inexpensive to measure. With
the advent of artificial insemination and progeny testing, milk production per cow has
more than tripled, along with an increase in protein and fat content, since the 1950s [2].
Conversely, health and fitness traits are difficult and expensive to measure. With a focus
on production in the past, producers have had a larger incentive to increase profit by
increasing production as opposed to decreasing management costs through improved
health and fitness. With the great strides made in production, an antagonistic relationship
between production and most disease traits has become apparent [180].

Throughout the past century, the dairy industry has undergone significant changes.
The most pronounced changes include increased herd size and increased milk production
per cow. Dairy production has steadily increased during the past century, growing from

approximately 4,000 pounds of milk production per cow annually in 1924 to over 21,000



pounds per cow annually in 2012 [2]. Increased globalization of food production has made
understanding the complexities of health traits ever more critical. Diseases can spread
much more easily and rapidly than ever before, in addition to an increasing threat of
emerging new diseases [57]. Growth of the dairy industry has resulted in a high level
of mechanization, as well as more hired labor being utilized on farms. Production has
increased to such an extent that animal health has now become a factor greatly impacting
profitability. Functional traits, such as health and fertility, have not improved along with
production traits. Fertility and health of dairy cattle have declined, resulting in a growing

interest focused on improvement of these traits.

1.2 Genetic overview of common health disorders

As opposed to focusing on a single disease, many studies have investigated several diseases
commonly experienced by dairy cattle. Early researchers conducted phenotypic analyses
including incidence rate estimation. Incidence rates of ten common diseases were estimated
in the University of Guelph Elora Dairy herd [49]. Several years later, Dohoo et al. [63]
estimated disease incidence rates across 32 commercial dairy herds near Guelph, Canada.
This study also investigated relationships between common diseases. Path analyses were
utilized to investigate relationships between dry period nutrition and postpartum health
disorders with data from 31 commercial herds in New York from March 1981 through
February 1982. The authors found that many periparturient health disorders tend to occur
together as a complex [56]. The above studies represent a selection of initial phenotypic
research incorporating multiple diseases in analyses. By expanding the viewpoint to
multiple diseases and risk factors, a deeper understanding of the complexities of these

diseases could be gained [56].



The need for a unified system or database for recording health information was
identified by several researchers. Systems for direct recording of diseases were already in
place as of 1975, however the U.S. still lacked a unified system [67]. The most extensive
systems were in Nordic countries, but systems were also put in place in Great Britain
(COSREEL) [184], Australia (Veterinary Health and Management Program) [217], and
the U.S. (Minnesota Disease Recording System) [61]. In 1986, Bartlett et al. [14] presented
a computerized information system for herd health surveillance and management. This
computerized system was known as the Food Animal Health Resource Management System
(FAHRMX) and was started in 1979 by Michigan State University’s College of Veterinary
Medicine. In addition to calculating incidence rates of common diseases, researchers found
that weekly and monthly reports served as sufficient incentive for farmers to continue
participating in the program [14].

U. Emanuelson [67] published a review of recording cattle diseases for genetic im-
provement in 1988. The review discussed both direct and indirect methods of recording
production diseases in dairy cattle, as well as evidence for genetic variability in production-
related diseases [67]. Additional research was being conducted involving time to first
diagnosis [25], herd management practices [54], and grouping of health events before
analysis [146]. A National Animal Health Monitoring System (NAHMS) was introduced
in 1983, with a branch initiated in Michigan three years later. Data gathered from this
system, including disease incidence, herd management, and costs, were the focus of a
series of papers by Kaneene and Hurd in 1990. The NAHMS was also utilized to perform

research among California’s dairy herds [81].



1.2.1 Udder health
Mastitis

Of diseases commonly experienced by dairy cattle, mastitis has been researched most
extensively. Mastitis is not only the most common disease encountered in dairy cattle,
it also tends to be one of the most costly. Mastitis is an infectious disease that can
be characterized as either subclinical or acute (clinical), causing inflammation of the
mammary gland, regardless of causative agent [177]. In clinical cases, milk can become
visibly discolored and contain clots. Clinical mastitis can also cause changes in the
udder physically, including swelling, pain, and redness [57]. It is associated with elevated
somatic cell count (SCC) [107]. High SCC in milk results from microbes present in the
mammary gland [107]. In many countries, this is exploited by utilizing indirect selection
for mastitis resistance by selecting sires with low average somatic cell scores (SCS) among
daughters [46]. This is the most efficient method in most countries due to lack of a unified
recording system for health data. Scandinavian countries are the exception, as direct
recording of clinical mastitis has been performed for over thirty years [83].

Selection procedures in countries that do have unified systems for recording mastitis
incidences allow long-term progress to be documented. For example, Norway introduced a
national health recording system in 1975 and has included mastitis in breeding objectives
since at least 1978 [46]. Results from Norwegian Red Friesian cattle illustrate that genetic
improvement of mastitis resistance is possible [112]. This cattle population has undergone
selection against clinical mastitis longer than any other [109]. Increased weight was placed
on clinical mastitis in the breeding objectives for Norwegian Red cattle in 1983. From
this time onward, selection differentials of sires increased favorably [110].

Early mastitis studies investigated frequency of occurrence, in addition to relationships



with more common traits, such as yield. The aforementioned study conducted from
1970 through 1975 at the University of Guelph Elora dairy herd included estimation of
mastitis incidence [49]. Mastitis was found to be the most frequently encountered disease
with an incidence rate equal to 10.1%. They also identified an increase in occurrence of
clinical mastitis with increasing age [49]. Lactational incidence rate of mastitis across 32
commercial herds near Guelph, Canada was equal to 16.8% [63]. An additional study
conducted by Erb et al. [71] investigated direct and indirect relationships among age,
previous lactation yield, or estimated transmitting ability for milk yield, days dry, culling,
and several health disorders including mastitis. An incidence of mastitis was found to
increase risk of culling by ten times. This analysis was completed using data from 33
private dairy farms in New York [71].

Research continued to estimate mastitis incidence in different dairy cattle populations.
Lactational incidence rate calculated for mastitis based on data from the FAHRMX
system was 15.1% [14]. Bendixen et al. [22] reported mastitis risk for dairy cows in Sweden
to be equal to 11.0 for the Swedish Red and White and 16.58 for Swedish Friesian cows.
The authors noted a significant difference in incidence between the two aforementioned
breeds [22]. A study in the U.S. conducted from 1981 to 1983 utilized health records
from 33 dairy farms in the vicinity of Ithaca, N.Y. [142]. Researchers of this study
estimated heritabilities and genetic correlations among several common health problems
of dairy cattle, one of which was mastitis. Mastitis was estimated for first-calf heifers,
second lactation cows, and older cows. Second lactation cows had the highest heritability
(SE) equal to 0.31 (0.10), whereas first-calf heifers and older cows were found to have
heritabilities (SF) equal to 0.186 (0.077) and 0.179 (0.089), respectively [142]. Incidence
rate of mastitis (33.06% =+ 1.65) was found to be second only to breeding problems in

data collected by NAHMS [125]. In a cost analysis, mastitis was found to be the most



expensive disease encountered by dairy cattle [126]. In California from 1986 to 1987,
mastitis was the most commonly reported disease among cows with an incidence rate of
30.3% [81]. Research involving the impact of mastitis also began to include additional
breeds of cattle such as Jersey [13] and Simmental [191].

Many common mastitis pathogens are considered endemic in countries with a developed
dairy industry [12]. Pathogens causing mastitis can be broadly divided into contagious
and environmental [62]. Additionally, there are pathogens that do not directly cause
mastitis but have been implicated as indirect causes of mastitis [12]. The most common
contagious pathogens include Streptococcus spp., Staphylococcus spp., and Mycoplasma
spp- Contagious pathogens can cause subclinical cases of mastitis resulting in decreased
production and reduced immune response [62]. A considerable amount of economic loss
incurred from mastitis is due to chronic, subclinical infections [62]. Staphylococcus aureus
is considered one of the worst contagious pathogens causing mastitis. It causes chronic,
deep infections of the mammary gland and is very difficult, if not impossible, to completely
eradicate from an infected herd. Staphylococcus aureus has also been identified as the
most frequently isolated pathogen causing heifer mastitis [27]. An important public health
concern arises from methicillin-resistant Staphylococcus aureus, or MRSA, which has
been identified as a causative pathogen for mastitis in dairy cattle. Due to potential
impact on human health and indications of possible zoonotic transfer, there has been
increased pressure on the dairy industry to monitor MRSA infections [12]. Other contagious
pathogens known to cause mastitis include Streptococcus dysgalactiae, Streptococcus canis,
and Streptococcus uberis [12]. This becomes a particular problem because it cannot be
controlled by following routine hygiene practices [214].

There have been several outbreaks of disease not directly related to mastitis but that

have been shown to impact mastitis incidence [12]. Despite the full mechanism remaining



undetermined, impact of bovine viral diarrhea virus (BVDV) is the best documented
infection that also indirectly impacts mastitis [12]. Studies in Norway [213], Denmark [23],
and France [19] have all identified higher bulk milk somatic cell counts in herds affected by
BVDV. It is thought that diseases similar to BVDV, such as bovine herpesvirus 1, bovine
immunodeficiency virus, and bovine leukemia virus, impact mastitis incidence because of
overall immune suppression [215]. Viruses such as bovine herpesvirus 2, cowpox, vesicular
stomatitis, and foot-and-mouth disease can cause teat lesions, which lead indirectly to
mastitis by leaving animals susceptible to secondary bacterial infections [215]. Aside from
indirect causes of mastitis, any disease or condition that impacts culling rates may reduce
opportunities for selection of cows with lower SCC [12].

Environmental pathogens that can cause mastitis include Escherichia coli, Enterobacter
aerogenes, Serratia spp., Proteus spp., and Pseudomonas spp., among others. Streptococcus
uberis is considered the most prevalent environmental Streptococcus spp. that causes
clinical mastitis. It is a common cause of new infections in dry cows [214]. Coliform mastitis
is a classic example of mastitis caused by environmental factors. It is a very familiar form
of mastitis with producers because it is associated with high mortality rate [62]. Nocardia
is a genus of bacteria normally found in soil. Nocardia mastitis can result from procedures
utilizing contaminated drugs or equipment, or improper administration of intramammary
treatments. Yeast infections are typically caused in the same manner, from contaminated
treatments or equipment. Although most mastitis infections caused by yeast or fungi are
mild, infection with Filobasidiella neoformans can result in a chronic case of mastitis and
cause permanent damage to the udder [214].

Pathogens continue to change and evolve. As the dairy industry continues to become
more globalized, the importance of controlling mastitis infections also increases. Type

of mastitis-causing pathogen can vary depending on location of the herd, as well as



animals entering and exiting the herd. Olde Riekerink et al. [160] estimated incidence
rate of clinical mastitis on Canadian dairy farms, including identifying specific pathogens
causing mastitis. The most frequently encountered pathogens were Staphylococcus aureus,
Escherichia coli, Streptococcus uberis, and coagulase-negative staphylococci. They found
that different pathogens were more prevalent in different regions of Canada [160]. Bradley
et al. [28] analyzed mastitis-causing pathogens across 97 dairy farms in England and Wales.
The most common pathogens associated with high cell counts were coagulase-negative
staphylococci (15%), Staphylococcus uberis (14%), and Corynebacterium spp. (10%) [28].
Over 75% of mastitis infections in dairy herds located in New York and Pennsylvania were
caused by Streptococcus agalctiae, Streptococcus spp. other than agalctiae, Staphylococcus
aureus, and coagulase-negative Staphylococci [218]. Varied causative agents only lend

further support to the fact that mastitis is a very complicated disease.

1.2.2 Fertility-related disorders

Reproductive disorders rank very close to mastitis in terms of economic costs. In order
to remain competitive, producers must minimize losses due to treatment of reproductive

problems and resulting infertility [188,195].

Metritis

Mastitis is only one of several health events commonly encountered by dairy cows. A
disease that has been estimated to also have high incidence among U.S. dairy farms is
metritis. Metritis, as used in field data, can refer to a general infection of endometrium
postpartum. More specifically, metritis is defined as inflammation resulting from mild

infection of the uterus [20]. A more severe uterine infection is referred to as pyometra [20].



Depth of infection differentiates between metritis and endometritis [139]. Endometritis is
infection of the uterine lining, specifically, whereas metritis is infection of the uterine cavity,
lining, and deeper layers [188]. Bacterial infections resulting in metritis are most likely
caused by Arcanobacterium pyogenes in the first two weeks after calving. Other pathogens
that have been implicated in causing metritis include Escherichia coli, Fusobacterium
necrophorum, Prevotella spp. [188], Pseudomonas spp., Streptococcus spp., Staphylococcus
spp., and Bacteroides spp. [139]. Infectious causes of reproductive failure such as brucellosis,
leptospirosis, trichomoniasis, and campylobacteriosis can also lead to metritis.

As previously mentioned, field studies typically refer to metritis as a non-specific
uterine infection with symptoms including fever, red-brown watery foul-smelling uterine
discharge, dullness, lack of appetite, increased heart rate, and decreased production [118].
Incidence of metritis tends to be variable, ranging from less than 4% [156] up to more
than 23% [78]. Risk factors for metritis have been identified in several studies including
dystocia [34,69,118], retained placenta [15,69, 118], stillbirth, twins, primiparity, calving
in winter, and male calves [118]. Metritis has been found to increase risk of ovulatory
dysfunction [69]. Several researchers have also cited metritis as increasing calving-to-
conception intervals and decreasing milk yield [34,118]. Genetic analyses have estimated
heritabilities of metritis ranging from 0.02 [156] up to 0.262 in second parity cows [142].
Moderate positive genetic correlations have been identified between retained placenta and

metritis [156, 169], supporting previously identified phenotypic relationships.

Retained placenta

One common cause of metritis is retained placenta. Fetal membranes are typically expulsed
within six to eight hours following parturition in cattle. A common definition used in

the dairy industry for retained placenta is presence of fetal membranes more than 24



hours following parturition [95]. Retained placenta can occur spontaneously result from a
specific condition [20]. Problems during parturition, such as dystocia, stillbirth, prolonged
gestation length, and multiple births have been associated with increased incidence
of retained placenta. Increased parity, calving season, and nutrition differences have
also been identified as risk factors for retained placenta [95]. Costs related to retained
placenta include decreased subsequent fertility, longer postpartum intervals, decreased
milk production, and increased risk of diseases in the metritis complex [20]. There have
been several incidence estimates published for dairy cattle. Average incidence estimated in
Sweden ranged from 5 to 10 % [21]. An observational study conducted in 34 Holstein herds
in Ontario, Canada estimated a lactational incidence risk for fetal membranes retained
48 hours or more equal to 0.077. The median time postpartum to clinical diagnosis was
approximately 2 days [25]. Han and Kim [95] found that retained placenta occurred in
4 to 18% of calvings. A Bayesian analysis estimated posterior mean frequency (SD) of
retained placenta to be 0.06 (0.01) among Norwegian Red cows [103]. Among 20 large
dairy herds in Iran, lactational incidence rate of retained placenta was estimated at 5.2%
over the course of 4.5 years [117].

Genetic analyses have identified the possibility of selection for animals with reduced
susceptibility to retained placenta. Bayesian estimates of heritability for retained placenta
in first, second, and third parities were 0.07, 0.08, and 0.08, respectively [117]. These
heritability estimates were based on records from 57,301 dairy cows across 20 large dairy
herds located in Iran [117]. A heritability estimate (SE) of 0.06 (0.037) was provided by a
logit threshold sire model used for Austrian Fleckvieh dual-purpose cows (Simmental) [131].
A similar heritability estimate of 0.076 was found using producer-recorded health data for
Canadian Holstein cattle [156]. Heritability among Norwegian Red cattle was equivalent,

estimated equal to 0.06 for retained placenta [103]. Greater heritability estimates have
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been reported from studies using producer-recorded data in the U.S. [169]. Genetic
correlations also indicate strong, positive relationships between metritis and retained

placenta [103,131, 156].

Cystic ovaries

An important noninfectious disorder impacting reproductive success in dairy cattle is
cystic ovarian disease. There are numerous studies investigating etiology and pathogenesis
of cystic ovaries, however, clear definitions and causes remain elusive. Cystic ovaries can
have a variety of histological characteristics and abnormal hormonal patterns, in addition
to differing responses to treatment. An accepted definition of cystic ovaries are follicles
having a diameter of at least 2 cm present on at least one ovary without any active luteal
tissue and which clearly interfere with normal ovarian cyclicity [206]. It is generally agreed
upon that cystic ovaries are caused by a disruption in the hypothalamus-pituitary-ovarian
axis, either by exogenous or endogenous factors. Cystic follicles can occur at any time
throughout lactation, however, majority occur within 60 days of calving [206]. A major
symptom of cystic ovarian follicles is temporary infertility or anestrus [115]. Additional
symptoms may include irregular estrus intervals, nymphomania, relaxation of broad pelvic
ligaments, and development of masculine physical traits [206].

Incidence rates of cystic ovarian follicles are highly variable, ranging from 1% [163]
to 30% [206]. Estimated costs of cystic ovarian follicles include effects on reproduction,
increased culling risk, treatment costs, and additional labor [16]. Reproductive effects
include increased days open, additional reproductive examinations, and increased number
of inseminations per conception. Cystic ovarian follicles have also been associated with

higher 305-day milk yield in several studies [16,115].
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1.2.3 Metabolic disorders

Following parturition, high-producing dairy cows are unable to meet nutrient demands
of milk production through feed intake alone. Many requirements for energy, protein,
and minerals increase two-fold very rapidly [144]. Given these circumstances, metabolic

disorders are not uncommon among dairy cows.

Ketosis

Ketosis typically occurs in multiparous cows in early lactation [9]. A leading cause of
ketosis is a negative energy balance common during early lactation in dairy cows [90].
More specifically, ketosis is thought to occur most often from an imbalance between supply
and demand of glucose [9]. In early lactation, precedence is given to the mammary gland’s
nutrient requirements. This results in a lack of carbohydrates in the liver, leading to
increased production of ketone bodies [144]. Combined with decrease in appetite, ketosis
can result [90]. Symptoms include inappetence, decreased milk production, weight loss,
hypoglycemia, and hyperketonemia [9]. Risk factors for ketosis include milk fever [25],
increased parity [25,90], increased production [91], displaced abomasum [56], and prior
incidence of metritis [65]. Additionally, slight decreases in blood calcium have been cited
as a contributing factor in metabolic disorders including ketosis. Decreasing levels of
blood calcium can cause reduced function of smooth muscle, which is needed for normal
digestive tract function [144].

Incidence estimates of ketosis have been reported for several populations. Mean
incidence of ketosis in Finnish Ayrshire cows was 7.3% among all cows and 8.5% when
estimated only from multiparous cows [90]. Lactational incidence rate of ketosis in Finnish

Ayrshire cows calving in 1983 was 6% [91]. Another study estimated ketosis in both first
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and second parity Finnish Ayrshire cows. Lactational incidence risk of ketosis in this
study was 5% [147]. Lactational incidence risk of ketosis estimated from Holstein cows in
Ontario, Canada was 3.3% [25]. More recently in Canadian Holsteins, incidence of ketosis
was estimated at 2.6% [156]. In the U.S., estimates of ketosis lactational incidence rate
have ranged from 3.10% [168] up to 10% [222], depending upon study population and
parity.

Genetic variation is also expected to play a role in susceptibility to ketosis. An early
estimate of heritability of ketosis on the binomial scale was 0.023 [90]. Higher heritability
estimates were published ranging from 0.07 to 0.09 in a similar population [147]. This
study also estimated genetic correlation between ketosis in first and second parities equal
to 0.64 [147]. More recently, several models were utilized to estimate heritability of ketosis,
but regardless of model, heritability estimates were 0.09 [156]. These researchers also
found that left displaced abomasum and ketosis had a moderate, positive correlation
(SD) equal to 0.58 (0.13) [156]. This relationship was also identified by Curtis et al. [56]

using logistic regression.

Displaced abomasum

Displaced abomasum is a metabolic disorder, typically requiring intervention of a veteri-
narian [156]. It involves enlargement of the abomasum with fluid, gas, or both, causing
migration to either left or right side of the abdominal cavity [53]. Right displaced aboma-
sum is typically more critical due to risk of torsion, which prevents digesta from continuing
through the digestive tract [53]. Torsion is less likely to occur with left displaced aboma-
sum, resulting only in decreased passage of digesta through the tract [53]. Due to necessity
of surgical intervention, large financial losses are typically associated with incidences of

displaced abomasum, resulting from both treatment and production losses [39,128].
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Several studies have investigated risk factors for displaced abomasum. Cameron et
al. [39] investigated prepartum risk factors for displaced abomasum using records of 1,170
multiparous Holstein cows from 67 high producing dairy herds in Michigan. This study
investigated both herd-level risk factors, as well as risk factors at an individual cow level.
Significant risk factors included negative energy balance prepartum, high body condition
score, suboptimal feed bunk management prepartum, prepartum diets above 1.65 Mcal of
net energy, winter and summer seasons, high genetic merit, and low parity number [39]. A
review published in 1998 reported that etiology and pathogenesis of displaced abomasum
remained unclear [165]. Many inconsistent results were found regarding concentrate levels,
prepartum feed changes, and milk production; however, researchers concluded that risk
factors involving feeding patterns may be involved [165]. A more recent study conducted
in 60 Swedish dairy herds investigated risk factors for both displaced abomasum and
ketosis [194]. Herds with higher maximum daily milk yields in multiparous cows and a
large herd size tended to have increased incidence rates of displaced abomasum [194].
Other significant risk factors identified included not cleaning the heifer feeding platform
daily, keeping cows in one group during the dry period, early lactation, increased parity,
high body condition score, and milk fever [194].

Although incidence of displaced abomasum tends to be low, ranging from 0.5% [205]
to 5.1% [194], reporting is considered consistent due to severity of the condition [156].
Consistent reporting allows estimates of heritability in the low to moderate range. Zwald
et al. [222] estimated heritability of 0.18 £0.01 for first lactation cows and 0.15 4 0.006 for
cows across all lactations by utilizing producer-recorded health data in the U.S. Heritability
and genetic correlations were also estimated among Canadian Holsteins [132]. Average
heritability was lower in this study, equal to 0.04. Another study was conducted in the

Canadian Holstein population using producer-recorded health records [156]. Although
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several models were tested in this study, heritability estimates for displaced abomasum

remained consistent at approximately 0.21 [156].

Hypocalcemia

Hypocalcemia, or milk fever, typically results concurrently with calving due to low total
blood calcium levels [159]. Duration of disease is usually less than 48 hours and it can be
easily treated with intravenous calcium [71]. This disease should not be overlooked, however,
as it can have later consequences including displaced abomasum [159] and decreased
reproductive performance [71]. Hypocalcemia has also been implicated in increased risk of
reproductive disorders including dystocia, retained placenta, and metritis [71]. Opposing
results have been documented for hypocalcemia’s effect on mastitis [71,164]. In addition to
identifying an increased risk of clinical mastitis, Dstergaard [164] identified risks of ketosis,
decreased rumen motility, and left displaced abomasum to be increased by milk fever. A
relationship between current milk yield with risk of milk fever has also been identified [78].
A consistent risk factor identified by several researchers was parity [78,117,178] - as cows
increase in parity number, their risk for hypocalcemia also increased.

Lactational incidence rates of hypocalcemia have been estimated in several studies.
Incidence rates calculated from studies on first parity cows were among the lowest (e.g.,
[204]). Studies that investigated incidence rate based on parity confirmed that first parity
cows have very low incidence, with increasing incidence through later parities [11,117,178].
DeGaris and Lean [59] quantified this increased risk to be approximately 9% per lactation.
When considered over all parities, incidences tend to range from very low (e.g., [156]) up
to the teens (e.g., [11]). Heritability estimates also tend to be low. van Dorp et al. [204]
estimated heritability among first parity cows to be 0.04. Higher estimates were found

more recently for parity 1, 2, and 3 cows, equal to 0.10, 0.12, and 0.11, respectively [117].
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Neuenschwander et al. [156] fit various models to estimate heritability of milk fever,
estimating 0.157 heritability fitting a threshold model with cow within sire and sire effects

and 0.181 heritability fitting a threshold model with sire effects.

1.2.4 Viral diseases

Research involving viral diseases has increased throughout the past decade; however, there
remains a lack of treatment options for cattle. Provided sufficient host genetic variation,
selecting animals for increased viral resistance may be a viable option. The limitation
of this approach is encountered if and when viruses mutate, leaving livestock at risk for
newly emerged pathogens [26]. Thus, viral diseases remain a large economic and animal

welfare concern worldwide.

Foot-and-Mouth disease virus

Although not present in much of the United Kingdom, European Union, United States,
and Australia, foot-and-mouth disease (FMD) is endemic in much of the rest of the
world [26]. The causative agent of this acute viral disease is an apthovirus member of
family Picornaviridae. The virus contains a single-stranded RNA genome that is highly
mutable [26]. It is very infectious in cattle, pigs, sheep, goats, and deer; however, there
are considerable differences in expression and transmission between species [26]. Typical
symptoms in cattle include fever and blisters, primarily in the mouth and on the feet and
legs, resulting in inappetence and lameness [57]. Animals are highly infectious even before
these symptoms are present [26]. The FMD virus spreads rapidly when left uncontrolled
through blister fluid, saliva, milk, feces, or even airborne across several miles [57]. Animals

that are allowed to recover can serve as carriers of the virus; however, areas that are not
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endemic immediately slaughter all animals present in infected herds [57]. In countries
where FMD is endemic, routine vaccination is practiced using inactivated viral vaccines.
Due to large socioeconomic impacts and public health concerns associated with FMD, it
is one of the most important livestock diseases [26]. There is some evidence for genetic
resistance to FMD [26], however, it is not usually targeted as a disease of interest for

genetic studies since all infected animals are slaughtered in non-endemic areas [57].

Bovine leukemia virus

Bovine leukemia virus (BLV) is an oncogenic retrovirus that results in bovine enzootic
leukosis [124]. It is similar to human T-cell leukemia viruses [26], although it currently
poses no zoonotic risk [57|. Approximately 2 to 5% of infected cattle develop tumors in
the abomasum, uterus, heart, or external lymph nodes [57]. Spread of the virus occurs
via infected blood, milk, secretions, or vertical fetal transmission [26,57]. The most
significant losses attributable to BLV infection is an overall decline in performance due to
subclinical infection. Economic losses are incurred from decreased production [72,167],
decreased immune function, and trade restrictions [17], in addition to losses from cases that
develop lymphosarcoma [182]. There is some evidence for genetic variation in resistance to
BLV [150,201]; however, it has such low morbidity that it is not given high priority [57].
Heritability equal to 0.48 was reported by Burridge et al. [36], however, this estimate had
a very large standard error due to small number of animals utilized in the study. A later

study utilizing Holstein cattle estimated a heritability close to zero [60].

Bovine respiratory disease

Bovine respiratory disease (BRD) is one of the most economically important diseases

among calves [93], having a considerable financial impact on the agriculture industry [26].
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It is also regarded as a significant animal welfare concern [26]. Bovine respiratory disease
is complex due to potential involvement of multiple pathogens including viruses, bacteria,
or mycoplasma [26]. Viruses identified as causative agents include bovine respiratory
syncytial virus (BRSV), parainfluenza virus 3 (PIV3), bovine coronavirus (BCoV), bovine
viral diarrhea virus (BVDV), and bovine herpesvirus 1 (BHV1) [93]. Common bacterial
causative agents include Mannheimia hemolytica and Haemophilus somnus. A common
mycoplasma identified as causing BRD is Mycoplasma bovis [26].

Incidence of respiratory disease among adult cows is low in most populations. Kaneene
and Hurd [125] found a mean incidence of respiratory diseases ranging from 1.33 up to
4.03, with much higher incidence rates among calves and young stock. A slightly higher
incidence per lactation equal to 4.2% was estimated from 3,589 cows with 7,703 lactation
records [18]. Incidences found in literature ranged from 0.21 up to 7.11, with a mean
of 3.30. Average lactational incidence rate across parities one through five was 1.37%
estimated with producer-recorded data [168]. Heritability of general respiratory disorders
has been estimated to be very low in several studies. Respiratory traits were among
the least heritable health traits in a study by Lyons et al. [146]. Heritability (SE) of
pneumonia was equal to 0.09 (0.04) [146]. In the same study, heritability of all other
respiratory diseases was 0.05 with an approximate standard error of 0.04 [146]. A similar
estimate of heritability equal to 0.05 was found using Norwegian red calves [106]. Although
estimated heritability is low, selection for animals resistant to BRD may be most effective

if selecting for resistance to a specific pathogen [26].
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1.2.5 Bacterial and other diseases
Transmissible spongiform encephalopathies

Bovine spongiform encephalopathy (BSE) is the transmissible spongiform encephalopathy
(TSE) specific to cattle. These diseases are degenerative and fatal, affecting the central
nervous system [119]. Spongiform lesions and abnormal fibrils in brain tissue are char-
acteristic of animals infected with BSE [130]. The disease was originally identified in
November 1986 as a new disease similar to scrapie in sheep [130]. Much of the original
knowledge regarding BSE was based on research conducted in sheep and goats with
scrapie [119]. It was confirmed that BSE was a type of TSE upon identification of prion
protein (PrP) fibrils in brain extracts [116] and transmission of BSE to mice when fed
infected brain tissue [33]. Initial transmission was typically caused by use of meat and
bone meal as a protein supplement for cattle. Higher incidences in dairy herds was likely
due to management differences in calf rearing, with dairy calves more likely to be fed
concentrated feeds from a young age [130]. As of 1997, use of mammalian proteins in
ruminant feeds was prohibited in the U.S. (Federal Regulation §589.2000).

Diagnosis of BSE is typically based on clinical signs and brain pathology following an
animal’s death [119]. A critical challenge in controlling BSE is that animals can remain
asymptomatic for a minimum of two years following inoculation with a median incubation
period of four to six years [130]. It is very difficult to diagnose animals that are not
yet exhibiting symptoms associated with BSE. Clinical symptoms associated with BSE
include ataxia, fear, aggression, and sensitivity to noise or touch. To diagnose animals
prior to exhibition of clinical symptoms, the most reliable method is testing for presence of
PrP in tissue secretions [119]. Typical control strategies are not consistently successful due

to unique nature of the disease. In some ways, BSE is similar to a virus, however, it is able
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to survive virucidal procedures such as exposure to formalin, heat, and some autoclaving
techniques [119]. Alternatively, breeding for resistance may be a more successful route to
limiting BSE. Breeding for disease resistance has already been shown to be a successful
method of control for scrapie in sheep [119]; however, variation in PrP is different for BSE
than in scrapie, which may complicate selection in the future. Currently, there are no

genetic markers associated with BSE resistance to aid in selection of resistant cattle [119].

Brucellosis

Brucellosis is also referred to as “contagious abortion”, infectious abortion”, or “Bang’s
disease” [86]. It is one of the most important zoonotic diseases throughout the world,
especially in developing areas of Africa, the Middle East, and Latin America [43]. This
disease is most commonly caused by the bacterium Brucella abortus, which can be spread
to a calf through the mother’s milk or to humans through consumption of unpasteurized
milk. Because it is a zoonotic disease, brucellosis is also a public health concern. Regulatory
programs to control brucellosis were initiated in the U.S. in 1934 [161]. In 1954, the U.S.
changed this to an eradication program cooperating between farmers and federal and
state governments [161]. Much of the U.S. is now free of brucellosis as a result of these
testing and control methods. In cattle, infection causes spontaneous reproductive failure,
causing cows to abort fetuses, especially during the second half of gestation. The pathogen
causes placentitis of the chorion, endometritis, and fetal placental infection. These effects,
in addition to disrupting blood supply, result in loss of the fetus. After initial infection,
cows can become lifelong carriers of the disease and continue to shed the bacterium in

milk and reproductive tract discharges [62].
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Bovine tuberculosis

Several other zoonotic diseases caused by pathogens have been identified in dairy cattle.
Bovine tuberculosis is a contagious and chronic disease caused by Mycobacterium bovis.
Clinical signs include weakness, loss of body condition, decreased appetite, swollen lymph
nodes, and respiratory problems [57]. Granulomatous lesions or tubercles progressively
develop in affected tissues throughout the course of the disease [24]. Infection is typically
chronic and animals may not present clinical symptoms for long periods after initial
infection [24]. Like brucellosis, bovine tuberculosis can be passed to humans through
unpasteurized dairy products [57], however, most tuberculosis cases reported in humans
are the result of infection with Mycobacterium tuberculosis [24]. Currently, all cattle are
tested via skin test and any positive animals are immediately culled [57]. Because of
mandated culling of any positive animals, economic losses from bovine tuberculosis can
be significant - all value of culled animals is lost plus the cost of purchasing replacement
animals [57]. Estimated global cost of bovine tuberculosis is approximately $3 billion
annually [77]. Bovine tuberculosis has been eradicated from several countries including
Australia, most European Union states, Switzerland, and Canada. It has yet to be fully
eradicated from the United States, Ireland, and several European Union states. An
approach that may be beneficial in fully eradicating the disease would be genetic selection
for improved resistance [24].

There is little data regarding genetic parameters of tuberculosis susceptibility in dairy
cattle, however variance between animals has been identified [24]. Johne’s disease is
caused by a very similar mycobacterial species with heritability estimates ranging from
0.06 up to 0.16 [24]. This leads some to believe that similar heritability estimates for

bovine tuberculosis are likely. A genome wide association scan for bovine tuberculosis
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susceptibility identified a genomic region on BTA 22. The identified genomic region
contains taurine transporter gene (SLC616 or TauT'), which has previously been identified
as functioning in the immune system. This gene had not been previously associated with

bovine tuberculosis [77].

Paratuberculosis

Paratuberculosis, or Johne’s disease, is sometimes implicated to be a zoonotic risk.
Paratuberculosis is caused by Mycobacterium avium subspecies paratuberculosis (MAP)
that results in bacterial infection of gastrointestinal tracts [57]. Symptoms include chronic
diarrhea, weight loss, reduced milk production, and can eventually lead to death. Increased
interest in Johne’s disease in the dairy industry has resulted due to negative impacts of the
disease on milk production, thus impacting overall economics of dairy farms [4]. Economic
loss from paratuberculosis can also become significant because there is no available vaccine
to prevent infection, nor any way to treat an animal once it becomes infected [57]. The
pathogen is extremely hardy, such that it can survive in the environment for up to one
year with sufficiently cool temperatures. Additional difficulty in fully eradicating this
disease is encountered because the incubation period can range anywhere from two to
ten years, with most infected cattle showing no obvious symptoms at this stage [62].
The zoonotic risk to humans has recently been debated in relation to Crohn’s disease.
Some evidence indicates that MAP may be the causative agent of Crohn’s disease, but no
definitive results have yet been reported [4].

Incidences of paratuberculosis have been estimated in small cattle populations of
specific areas. True prevalence of paratuberculosis in California dairy cattle was estimated
to be 9.4%, with northern, central, and southern regions having prevalence of 14.1%,

7.5%, and 10.6%, respectively [4]. Distribution parameters of the disease throughout cattle
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farms in England and Wales were estimated in 1998 [44]. A questionnaire was sent to
3,772 dairy farms to estimate prevalence and incidence of paratuberculosis. Percentage of

farms affected by the disease ranged from 15.8% up to 18.6%, depending on region [44].

1.3 Evaluation of health traits

For most livestock species, including dairy cattle, it is not feasible to conduct experimental
challenge studies with enough animals from which to draw significant conclusions. Field
data can provide valuable phenotypes that would otherwise be unavailable. When using
field data, however, caution must be taken as the data tend to be very "noisy”. Health
data recorded by dairy producers to aid in herd management can be used to analyze
diseases and health of dairy cattle. Combining knowledge available from disease and
epidemiological data with field data that can be collected on-farm will greatly increase the
knowledge base of this field. This will lead to improved health and welfare of dairy cattle.

A substantial limitation in development of a system for genetic improvement of health
traits in the past has been lack of a central collection of health data. The United States
does not have a mandatory or unified system for reporting health events on dairy farms.
Relatively small studies have been completed using data collected from paper records.
Kaneene and Hurd [125] used data collected by specially trained veterinary officers during
farm visits for the National Animal Health Monitoring System in Michigan. Specific
worksheets were designed for producers to use for data recording. Lyons et al. [146] used
data collected from forms given to producers to record incidences of health problems as
they occurred. Researchers analyzed incidence of 22 individual health traits from 3,664
records supplied by producers in Wisconsin, Minnesota, and Iowa. Nonetheless, similar

protocols are too labor intensive to be performed on a national level.
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Health event data collected from on-farm computer management systems may provide
an effective and low-cost source of health trait information. Studies have been completed
utilizing data recorded in computerized systems. Bartlett et al. [14-16] examined incidence,
descriptive epidemiology, and estimated economic impact of metritis, mastitis, and cystic
follicular disease. Data were collected from 22 herds in Michigan that participated in a
computerized herd health program. Zwald et al. [222] used data collected from on-farm
computerized systems in the United States to determine feasibility of genetic selection for
health traits. Diseases analyzed included displaced abomasum, ketosis, mastitis, lameness,
cystic ovaries, and metritis occurring between 2001 and 2003. It was concluded that using
data from on-farm computerized recording systems would allow genetic selection to be
used against common health disorders.

Collected health event data could be used as a source of information to gain insight
into relationships between health events. Previous research has examined relationships
between diseases. Erb et al. [70] used data from 20 commercial dairy herds participating in
a herd health program of Ontario Veterinary College to construct path models including
dystocia, retained placenta, metritis, cystic follicles, and luteal cysts. An observational
study using 34 Holstein herds in southwest Ontario was completed to examine associations
between 11 health problems [25]. van Dorp et al. [205] used data from 32 registered
Holstein herds in British Columbia to examine effects of herd, age, year, season, and
interrelationships between diseases. The above studies indicate that on-farm recorded
data can indeed serve as a wealth of information to further understand the complexities
of health traits; however, few studies have been conducted within the United States with
more than 3 years of data collection.

Founded in 1951, the International Committee for Animal Recording (ICAR) is an

international organization for standardization of animal recording. Since its start, I[CAR
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has developed into a global organization known for establishing guidelines and standards
for animal records, identification, and genetic evaluation. Since the 1990s, ICAR has
published international standards for recording and evaluating health indicator traits such
as SCS. More recently, efforts of the ICAR functional traits working group have focused on
development of generally accepted and clear guidelines for recording functional trait data.
International collaboration is becoming increasingly important, making standardization
essential. In June 2012, ICAR accepted and published guidelines for recording, evaluation,
and genetic improvement of health traits. Aside from these developments, nations with
developed dairy industries have also been continually advancing the current state of health
trait evaluation.

As previously discussed, Norway has the most well-established health recording system,
in place since 1975 [111]. In 2012, it was estimated that approximately 98% of herds
participated in the Norwegian Dairy Herd Recording System [111]. In addition to regular
recording of health traits, Norway also initiated a claw health recording system in 2004 [192].
The country has incorporated pathogen-specific mastitis cases into health data since 2001.
This allows analyses to be performed based on causative pathogen (e.g., [100,216]). A
2007 joint Nordic study investigated data validation techniques. The study determined
that although reporting is considered mostly complete, there is still clear evidence of
underreporting [68].

Other Nordic countries are also actively researching health traits. Denmark has a very
strong base of health data with a high registration rate and high data security [79]. The
Knowledge Center for Agriculture in Denmark, which is owned by farmer organizations,
operates a central cattle database. Similarly to Norway, data recording in Denmark began
close to 50 years ago. Recent years have seen a growing emphasis placed on claw health

in Denmark [79]. Health recording in Finland and Sweden officially began in 1982 and
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1984, respectively. In 2011, it was approximated that 89% of Finnish herds sent in at
least one health report throughout the year [137]. These Nordic countries have provided a
good foundation upon which further development of health evaluations can take place
internationally.

Although Nordic countries have been recording health data for the longest period of
time, other countries around the world have also recognized this importance. Bavaria
initiated a project in 2010 to routinely collect disease diagnosis data [174]. A health
monitoring system was developed in Austria between 2006 and 2010. These data have been
incorporated into breeding programs since 2011 [66]. A Canadian system was established
in 2007 including eight commonly reported health events [127]. In Australia, foundations
have been put in place for a central database, however, estimates indicate that only
approximately 46% of Australian herds are enrolled in milk recording [173]. Regardless of
implementation stage, these countries have all recognized the importance of recording

health data and the impact it can have on food quality, management, and breeding.

1.4 Genomic evaluation of health traits

Difficulty in improving complex traits such as health can also be partially attributed to
their polygenic nature. Further complications arise because many dairy traits of economic
importance are sex-limited and can only be measured in females. Identification of genes
will improve biological understanding of health traits, however this is often very difficult.
It is generally accepted that complex traits such as health are influenced by major and
minor genes, in addition to non-genetic factors such as the environment [129]. Prior to
availability of dense marker panels, some genes could be identified because they had such

large effects on the expression of a trait. Traits in livestock species identified in this way
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include halothane sensitivity in pigs and double muscling in cattle.

Availability of large panels of single nucleotide polymorphism (SNP) markers rejuve-
nated the search for causative genes. Single marker analyses attempt to detect quantitative
trait loci (QTL) by finding associations with single markers. Genome wide association
studies using single marker regression can be applied to randomly mating individuals
with no population structure. Collected phenotypes are associated with marker geno-
type to analyze putative associations. Markers in this case are treated as fixed effects
with the underlying assumption being that a marker will only impact a trait if it is
in linkage disequilibrium with a QTL. An F-statistic is used to ascertain significance
of association comparing a null hypothesis of no marker effect on the trait versus the
alternative hypothesis that the marker does have some effect on the trait of interest.
Power of this method depends on several factors including correlation between marker and
QTL, proportion of total phenotypic variance explained by the QTL, number of records
collected, allele frequency of the rare marker, and significance level that is desired. Because
of the numerous markers that will be tested, complications arise when determining an
appropriate level of significance.

Given assumptions of single marker regression, it is quite obvious that livestock
populations violate the assumption of no population structure. When this assumption is
violated in single marker regression, false positives can result. Much like in other animal
breeding modeling approaches, a mixed model can be applied to the above methodology
in order to account for population structure. A numerator relationship matrix, A, can be
included to model relationships between individuals based on pedigree records.

Marker assisted selection (MAS) is another method used in livestock populations
with dense marker information. It can be based on markers in linkage equilibrium with

QTL, markers in linkage disequilibrium with QTL, or based on selection of the causative
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mutation. Dense marker panels make linkage disequilibrium MAS the most applicable for
livestock situations. Two-stage procedures can be used to first estimate marker effects in a
reference population and then use these marker estimates to generate breeding values for
selection candidates. Over-estimation of marker effects can become a problem in multiple
regression, but various techniques have been successfully applied that provide shrinkage
of estimates, typically based on amount of information.

Multiple regression techniques have been expanded to include all marker effects across
the genome in order to estimate a total signal. Many different statistical methods have
been investigated to do this, such as ridge regression and LASSO, as well as a multitude
of Bayesian-based methods, including BayesA, BayesB, BayesC, etc. In 2001, Meuwissen
et al. showed that all available molecular markers could be used to predict genomic values
for quantitative traits. This article introduced two Bayesian procedures for estimating
genomic values, termed BayesA and BayesB. The first two Bayesian variations introduced
by Meuwissen et al. [149] have now been expanded upon and are collectively referred to
as the “Bayesian Alphabet” [85]. Most of these methodologies produce marker effects that
are extremely shrunken, however, they typically provide a good estimate of overall signal
(Gianola and de los Campos, 2012). Ridge regression and LASSO models shrink many
marker effects towards (or completely to) zero. This allows for identification of putative
markers with the largest effects. Bayesian methods also provide different parameterizations
of marker effects with exact specifications varying depending on the utilized method.
BayesA models include all markers in the model, estimating an effect for each. BayesB
models specify a proportion of markers to have zero effect a priori with the remaining
marker effects being sampled from a normal distribution [149]. Further specifications of
Bayesian models build upon these, changing prior specifications to better reflect knowledge

of the trait.
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Genomic selection methodologies are currently being widely investigated and imple-
mented in dairy cattle breeding [209,212], as well as in other species [166,190]; however,
much of this research has involved traditional traits, such as those related to produc-
tion [162,209]. Several studies have analyzed functional and production traits using
genomic data [32,134], though many of these were conducted outside the U.S. The limited
amount of research on genomic evaluation of health traits may be due in part to a
lack of documented phenotypes in the U.S. Since the introduction of genomic selection
methodologies, two approaches have developed. Multi-stage methods estimate marker
effects from individuals with both phenotypes and genotypes. In a typical multi-stage
genomic procedure, such as that described by VanRaden [207], traditional breeding values
are calculated using best linear unbiased prediction (BLUP) methodology [102] for animals
with genotypic information. Estimated breeding values can then be deregressed to remove
bias, as well as account for heterogeneous variances, and used as “pseudo-phenotypes”
(dEBV) [82]. Performance of response variable has been shown to be dependent upon
heritability of the trait, number of daughters per sire, number of animals genotyped, and
type of statistical model in simulation studies [94]. Genomic effects for each marker can be
estimated and used to calculate direct genomic values (DGV) for each genotyped animal.
The DGV can be further combined with traditional measurements of merit, including
parent average (PA) and estimated breeding value (EBV), to calculate a breeding value
that accounts for phenotype, pedigree, and genotype information [207].

A single-step method was proposed as an alternative to multi-stage approaches
[47,140,151]. The single-step procedure replaces pedigree (A) and genomic (G) relationship
matrices with a blended H matrix [6,47] that combines information from both A and G.
This permits simultaneous estimation of breeding values and allele substitution effects

while accounting for population structure, and can also account for systematic effects
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such as genomic pre-selection bias [170].

Improvement in reliability is a key component to the success of genomic selection, but it
cannot be evaluated in the same population used to develop the prediction model [185]. To
evaluate performance of genomic evaluation methods, cross-validation is often performed.
A training population is used to estimate marker effects from animals with both genotypes
and phenotypes. Estimated marker effects are then used in the validation population
to evaluate the prediction model using trait phenotypes. Data are split into groups of
training and validation using one of several methods, such as splitting based on birth year
or relationship.

Methods to extend two-stage methods from univariate to multivariate models are
currently being investigated. Calus and Veerkamp [38] used simulated data to investigate
performance of three marker-based models in multiple-trait analyses. They found that
increased accuracy was obtained, especially for younger animals with no phenotype,
when using a multiple-trait model compared to a single-trait model. To expand upon
these results, Jia and Jannink [122] investigated three multivariate linear models using
both simulated and real data. Their results indicated that prediction accuracy for low-
heritability traits could be significantly increased by multivariate genomic selection when

a correlated trait with a higher heritability was included.

1.5 Benchmarking herd characteristics

As described in previous sections, genetic analyses using field data have indicated that
common diseases experienced by dairy cattle tend to be lowly heritable. Low heritabilities
indicate that a large portion of variability observed in health traits are not due to additive

genetic sources, but to non-genetic sources, such as environmental effects. Low estimated
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heritabilities also indicate that genetic improvement will be slow. To fully understand
complex diseases, it is important to understand relationships between not only genotype,
but also environment and phenotype.

In typical genetic evaluations, adjusting for environmental effects is accomplished
by considering them as fixed effects. This disregards effects of management and envi-
ronmental conditions on genetic expression [221]. Tt also ignores any associations that
exist between genetic and environmental effects. In addition, research has indicated that
genetic correlations, such as between fertility and milk production, will depend upon herd
environment [220]. The question then arises as to whether more rapid improvement can
be achieved if herd health programs incorporate environmental aspects.

Previous studies have investigated the impact of environmental characteristics on dairy
cattle health. An early study was able to establish five farm ”health profiles” according
to incidence levels of health disorders and farm structure data [74]. Health disorders
included infectious diseases of the foot, uterus, and teat and calving disorders; farm
structure was represented as traditional, intensive, or intermediate. Data was collected
throughout 1979 from 83 dairy farms in France, including 25 specific health events in
addition to herd management variables. Hierarchical classification was used to group
farms into similar classes and confirmed that there was a relationship between farm type
and herd health profile [74]. Path analysis and multiple logistic regression were utilized to
evaluate interrelationships between herd management practices and postpartum health
disorders on 32 farms located in New York state [54]. Disorders included dystocia, retained
placenta, metritis, cystic ovary, milk fever, ketosis, left displaced abomasum, and mastitis.
Management characteristics were collected through a questionnaire provided to the person
primarily responsible for care of the herd. A two-stage analysis was performed in order to

identify management factors and develop a path model of interrelationships between herd
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management and herd incidence rate [54].

More recent studies have been conducted incorporating herd characteristics in relation
to reproductive efficiency (e.g., [143,187]), production (e.g., [189,220,221]), and health
(e.g., [89,194,198]). Many of these studies have utilized surveys or questionnaires in
order to assess herd characteristics (e.g., [54,114,186]), which can limit amount of data
that can be collected. Data collected from a designed study may not always reflect
common management practices, thus limiting applicability [52]. Data can also be limited
by the chosen analysis method. The majority of past research has utilized parametric
statistical models to analyze herd characteristics (e.g., [143,194,198]), which can suffer from
problems with multiple testing and colinearities between large numbers of variables [186].
Alternatively, non-parametric methodologies have recently been investigated, such as
principal component analysis [220] and regression-based decision trees [187] to better
handle numerous variables.

Farm staff or Dairy Herd Improvement technicians report numerous herd characteristics
regularly on farm test days. These reports include data on herd production, reproduction,
genetics, udder health, and feed costs [1]. Additional environmental data can be accessed
through online databases such as the National Climatic Data Center, the United States
Census Bureau, and the United States Geographical Survey. Availability of numerous
variables from field data presents an analysis challenge. Although the majority of prior
research has been conducted with parametric statistical methods (e.g., [186,220,221]), a
more flexible approach when analyzing large numbers of variables utilizes data mining
techniques. Data mining allows patterns to be explored and is increasingly employed as
a result of the explosion of data availability in many fields [197]. One method of data
mining is machine learning, which allows patterns to be "learned” and identified based on

data provided. Machine learning allows for great flexibility, especially when data contain
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multicollinearities, missing values, or interactions. Data mining approaches employing
machine learning could prove to be valuable in appropriately utilizing valuable information
from routinely-recorded data on U.S. dairy farms to improve dairy health.

When building a predictive model, one alternative to parametric linear regression
is to utilize a nonlinear regression model. Several model types can be included under
this category, including neural networks, multivariate adaptive regression splines, and
support vector machines [136]. Neural network models consist of interconnected units
called neurons. Neurons are organized into interconnected layers. Several different learning
algorithms can be employed to assign weights to connections between neurons [197].
Neural networks can encounter problems when models contain multicollinearity among
predictor variables. They are also prone to over-fitting a model to data [136].

Neural networks utilize linear combinations of predictors. An alternative nonlinear
regression approach is implemented by multivariate adaptive regression splines (MARS)
[80]. There are several advantages to this flexible nonparametric regression model. Tt
requires very little preprocessing of variables and is impacted little by correlated predictors;
however, correlated predictors can complicate final model interpretation. Otherwise, MARS
models characteristically provide clear interpretations of relationship between variables
and outcome. Variable selection is also performed inherently when fitting the model [136].

Support vector machines (SVM) are another type of nonlinear regression modeling
technique that can also be used for classification [197]. Originally, SVM were a classification
method, but they have also been expanded upon to handle regression. This technique is
rooted in foundations of robust regression in which effects of outliers are minimized [136].
In general, an SVM model maps response variables to a higher-dimensional space that
contains a "maximal separating hyperplane.” The response variable should separate

across this hyperplane into correct classifications [197]. Points nearest the separating
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hyperplane are called support vectors. These are the only points involved in positioning
the hyperplane [197]. An SVM model can be fit with several different kernel functions
(e.g., linear, polynomial, radial basis), providing additional flexibility. Radial basis kernel
functions have been shown to perform very well in a variety of data structures [136].
Despite flexibility provided by this modeling technique, it is recommended that variables
be centered and scaled prior to fitting [136]. Support vector machines can also become
overfit and have high computational costs when processing very large vectors [197].

Aside from nonlinear regression approaches, there are also rule- and tree-based regres-
sion methods. Tree models consist of nested "if-then” statements that partition response
based on predictor variables [136]. Informally, these techniques can be considered ”divide
and conquer” approaches. They are one of the most widely implemented data mining
technique and for several reasons [197]. Inherent structure of these models lend them
to be easily interpreted. An investigator does not need to perform any preprocessing,
nor does the relationship between predictor and response have to be specified a priori.
Tree- and rule-based models can effectively handle missing records and also implicitly
perform feature selection. It is important to note, however, that feature selection of highly
correlated variables becomes essentially a random decision. Also, selection of predictors to
include becomes increasingly biased as number of missing records increases [136]. Despite
numerous advantages, there are disadvantages to rule- or tree-based models. Small changes
in input data can result in drastic changes in model structure. This model instability
can lead to significant changes in the final model, and thus, model interpretation. These
model weaknesses led to development of ensemble methods that combine many tree- or
rule-based models into one, combined model [136].

Ensemble techniques include algorithms such as bagging, random forests, and boosting,

among others. The main purpose of ensemble methods is to combine many models’
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predictions into an ensemble model with improved performance [197]. One popular
ensemble method is bagging, or bootstrap aggregation, which combines bootstrapping with
regression or classification to construct a model. Bagging improves predictive performance
by reducing variance of prediction, making prediction more stable [136]. Although bagged
models provide an internal estimate of predictive performance, they tend to be less
interpretable than a model that is not bagged. With large datasets, it is also important to
consider increasing computation costs and memory requirements as number of bootstrap
samples increases. When available, computations for bagging can be parallelized [136].

Performance of bagging can be improved by decreasing correlation among trees. It was
a result of this need that L. Breiman developed a unified algorithm called random forests
in 2001 [30]. Predictions are generated from individual models and these predictions
are averaged to provide an overall forest prediction. On a tree-basis, random forests
tend to be more computationally efficient than bagging models [136]. Interpretation of
predictor-response relationships is more difficult due to the ensemble nature of random
forests. As an alternative, impact of predictors can be evaluated [136].

A third ensemble method is known as boosting. Boosting began to appear in the
early 1990s, beginning with the AdaBoost or "adaptive boosting” algorithm. The purpose
of these algorithms is to "boost” a weak learner into a strong learner. It can be used
to improve performance of many other machine learning algorithms [197]. Originally,
boosting algorithms were implemented for classification problems, but were later expanded
to be used for regression problems as well. Performance of boosting algorithms is typically
comparable to that of random forests, however, computation time is often increased.
Additional disadvantages of boosting algorithms include a propensity to overfit training
data and not identifying a global solution [136].

A wealth of data currently exist that could be used to aid dairy producers in making
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management decisions. Advances in technology are making it easier to fully utilize these
data. As described, there are numerous machine learning techniques available, although
each comes with its own advantages and disadvantages. The most appropriate algorithm
will depend on a multitude of factors, including questions to be answered and data

structure.

1.6 Conclusion

Increased globalization has made understanding the complexities of cattle health of
heightened importance. Concurrently, intense selection for increased production has
resulted in a subsequent decline in health and fertility traits in dairy cows. For most
livestock species it is not feasible to conduct experimental challenge studies with enough
individuals to make significant conclusions from the results. Data recorded by producers can
provide valuable phenotypes that would be otherwise unavailable. Combining knowledge
available from disease and epidemiological data with field data that can be collected
on-farm will greatly increase the knowledge base of this field, leading to improved health
and welfare of dairy cattle.

The following chapters will address improvement of dairy cattle health through the

following objectives:

e Chapter 2: The objective of this study included analyzing reliability of health
data recorded through on-farm recording systems throughout the United States.
The overall goal when handling these data should be that producer-recorded data
accurately reflect true incidence of health events in herds and accurately portrays
relationships between health events that have previously been identified or explained

biologically. Given that on-farm recorded health data sufficiently represent the true
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incidence of health events, phenotypic relationships between common health events

were examined and compared with knowledge obtained from epidemiological studies.

Chapter 3: The objective of this study was to perform pedigree- and genomic-
based analyses on producer-recorded health data to estimate variance components
and heritabilities for health traits commonly encountered by dairy cows in the
United States, thereby confirming a genetic component of major health events. A
multiple-trait genetic analysis using pedigree data was completed to identify genetic
relationships among common health events, including cystic ovaries, displaced
abomasum, ketosis, lameness, mastitis, metritis, and retained placenta. Single-step
methodology was used to incorporate genomic information into a multiple-trait
analysis of common health events, using estimates from pedigree-based analyses as
starting values. Reliabilities were compared between pedigree-based analyses and
genomic-based analyses. Genetic correlations with more commonly reported fitness
traits, including daughter pregnancy rate [208], productive life [210], net merit [51],

and milk yield, were also approximated.

Chapter 4: The objective of this study was to investigate two-stage and single-step
genomic methods applied to health data collected from on-farm computer systems in
the U.S. Implementation of univariate and bivariate models was investigated using
BayesA and single-step methodologies for mastitis (MAST) and somatic cell score
(SCS). Variance components were estimated. The complete dataset was divided
into training and validation to perform model comparison. Estimated sire breeding
values were used to estimate number of daughters expected to experience mastitis.
Predictive ability of each model was assessed using sum of x? and proportion of

wrong predictions.
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e Chapter 5: Farm staff or Dairy Herd Improvement technicians report numerous
herd characteristics regularly on farm test days. These reports include data on herd
production, reproduction, genetics, udder health, and feed costs [1]. Additional
environmental data can be accessed through online databases such as the National
Climatic Data Center, the United States Census Bureau, and the United States
Geographical Survey. Availability of numerous variables from field data presents
an analysis challenge. Although the majority of prior research has been conducted
with parametric statistical methods (e.g., [186,220,221]), a more flexible approach
when analyzing large numbers of variables utilizes data mining techniques. Data
mining allows patterns to be explored and is increasingly employed as a result of the
explosion of data availability in many fields [197]. The objective of this study was to
utilize and evaluate parametric and non-parametric methods to explore prediction

of herd health status from routinely collected summary data.
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CHAPTER

TWO

INCIDENCE VALIDATION AND RELATIONSHIP ANALYSIS
OF PRODUCER-RECORDED HEALTH EVENT DATA

FROM ON-FARM COMPUTER SYSTEMS IN THE U.S.

2.1 Abstract

The principal objective of this study was to analyze the plausibility of health data recorded
though on-farm recording systems throughout the U.S. Substantial progress has been
made in genetic improvement of production traits while health and fitness traits of dairy
cattle have declined. Health traits are generally expensive and difficult to measure, but
health event data collected from on-farm computer management systems may provide an
effective and low-cost source of health information. In order to validate editing methods,
incidence rates of on-farm recorded health event data were compared to incidence rates
reported in literature. Putative relationships among common health events were examined

using logistic regression for each of three timeframes: 0 to 60, 61 to 90, and 91 to 150
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days in milk. Health events occurring on average before the health event of interest were
included in each model as predictors when significant. Calculated incidence rates ranged
from 1.37% for respiratory problems to 12.32% for mastitis. Most health events reported
had incidence rates lower than the average incidence rate found in literature. This may
partially represent under-reporting by dairy farmers who record disease events only when
a treatment or other intervention is required. Path diagrams developed using odds ratios
calculated from logistic regression models for each of 13 common health events allowed
putative relationships to be examined. The greatest odds ratios were estimated to be
influence of ketosis on displaced abomasum (15.5) and influence of retained placenta on
metritis (8.37), and were consistent with earlier reports. Results of this analysis provide

evidence for the plausibility of on-farm recorded health information.

2.2 Introduction

Production traits in dairy cattle are generally easy and inexpensive to measure. With
the advent of artificial insemination and progeny testing, milk production per cow has
more than tripled along with an increase in protein and fat content since the 1950s [2].
Conversely, health and fitness traits are difficult and expensive to measure. With a focus
on production in the past, there has been a larger incentive for producers to increase profit
by increasing production as opposed to decreasing management costs through improved
health and fitness. With the great strides made in production, an antagonistic relationship
between production and most disease traits has become apparent [180].

A substantial limitation in the development of a system for genetic improvement of
health traits in the past has been the lack of a central collection of health data. Throughout

the United States, there is no mandatory or unified system for reporting health events
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on dairy farms. Relatively small studies have been completed using data collected from
paper records. Kaneene and Hurd [125] used data collected by specially trained veterinary
officers during farm visits for the National Animal Health Monitoring System in Michigan.
Specific worksheets were designed for the producers to use for data recording. Lyons et
al. [146] used data collected from forms given to producers to record incidences of health
problems as they occurred. They analyzed incidences of 22 individual health traits from
3,664 records supplied by producers in Wisconsin, Minnesota, and Iowa. Nonetheless,
similar protocols are too labor intensive to be performed on a national level.

Health event data collected from on-farm computer management systems may provide
an effective and low-cost source of health trait information. Studies have been completed
using data recorded using computerized systems. Bartlett et al. [14-16] examined the
incidence, descriptive epidemiology, and estimated economic impact of metritis (METR),
mastitis (MAST), and cystic follicular disease. Data were collected from 22 herds in
Michigan that participated in a computerized herd health program. Zwald et al. [222]
used data collected from on-farm computerized systems in the U.S. to determine the
feasibility of genetic selection for health traits. Diseases analyzed included displaced
abomasum (DSAB), ketosis (KETO), MAST, lameness (LAME), cystic ovaries (CYST),
and METR occurring between 2001 and 2003. It was concluded that using data from
on-farm computerized recording systems would allow genetic selection to be used against
common health disorders.

Collected health event data could be used as a source of information to gain insight
into relationships between health events. Previous research has examined the relationships
between diseases. Erb et al. [70] used data from 20 commercial dairy herds participating in
a herd health program of Ontario Veterinary College to construct path models including

dystocia (DYST), retained placenta (RETP), METR, cystic follicles, and luteal cysts.
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An observational study using 34 Holstein herds in southwest Ontario was completed to
examine associations between 11 health problems [25]. van Dorp et al. [205] used data
from 32 registered Holstein herds in British Columbia to examine effects of herd, age,
year, season, and interrelationships between diseases.

The above studies indicate that on-farm recorded data can indeed serve as a wealth of
information in order to further understand the complexities of health traits; however, few
studies have been conducted within the U.S. with more than three years of data collection.
The objective of this study included analyzing the reliability of health data recorded
through on-farm recording systems throughout the U.S. The overall goal when handling
these data should be that producer-recorded data accurately reflect true incidence of health
events in herds as well as accurately portray relationships between health events that have
previously been identified or explained biologically. Given that on-farm recorded health
data sufficiently represented true incidence of health events, phenotypic relationships
between common health events were examined and compared to knowledge obtained from

epidemiological studies.

2.3 Materials and Methods

2.3.1 Editing criteria

Two datasets were available for the study from Dairy Records Management Systems
(Raleigh, NC): one consisting of health information and the other consisting of production
information. General editing was performed on the health data as summarized in Figure
2.1. There were originally 8,361,900 health records. After general editing, health records

were classified into 80 categories as described in Appendix A. There were 5,117,485 health

42



records from 1996 to 2009 that coincided with one of 80 categories, belonging to 544,573
cows across 1,524 herds. Original production data consisted of 1,840,902 lactation records
from 451,334 cows. Comparable general editing was also applied to production data,
resulting in a dataset consisting of 1,427,435 records from 438,099 cows.

Health events of interest were those defined in “Format 6: Health Record” data exchange
format (Animal Improvement Programs Laboratory, 2010). Standardized health codes were
assigned to records in an effort to correct for improper spelling and inconsistent terminology
based on health identification code and health description reported by producers. Health
events were assigned to a lactation, with lactations beginning with a calving. For each
health event, heifer records and terminated lactations were excluded, the event had to
be recorded within 365 days of calving, and the event had to occur within parities 1
through 5. Terminated lactations were defined as cows that were culled prior to end of
lactation. Terminated codes were those found in “Format 4: Lactation” data exchange
format (Animal Improvement Programs Laboratory, 2006). Minimum and maximum
constraints were placed on reporting frequency of each health event. Constraints were
used to avoid herds that did not report a health event as well as herds that reported only
sick cows. A minimum constraint was imposed by selecting records from herd-years with
at least one reported incidence of the health event of interest and herd-years consisting of
at least 5 cows. A maximum reporting frequency constraint was imposed by excluding
herd-years with a reporting frequency greater than two standard deviations above the
mean reporting frequency for that health event. Selected health events were further edited
to ensure that DYST and RETP were recorded within 7 days of the calving date.

Summary statistics for each health event of interest are shown in Table 2.1, including
number of herds reporting, number of cows, and total number of cases. Digestive problems

(DIGE) included those reported as a general digestive problem by the producer and not
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those health events already explicitly included. Reproductive problems (REPR) included
abortion, breech calf, cesarean section, ovary problem other than cystic ovaries, stillborn
or mummified calf, uterine infusion, uterine infection or injury, and vaginal and uterine

prolapse.

2.3.2 Health event incidence

Disease frequency can be calculated either as incidence (rate of occurrence of new cases
of a disease per unit time) or prevalence (proportion of diseased animals at a given time).
Disease incidences are more frequently reported in literature [128]. The most common
methods of reporting disease incidences are either lactational incidence rate (LIR) for
health events with short periods of risk or incidence density (ID) for health events with
long periods of risk [128]. The LIR was obtained as number of affected lactations per

lactations at risk:

LAC,

LIR =
R LAC;

where LACY indicates number of first occurrences of a specific health event in a lactation
and LAC, indicates number of lactations at risk. The ID represents number of new cases

of a health event occurring during a lactation in a herd and was calculated as:

LACy

ID = LAC: +LAC,
2

where LACY indicates number of first occurrences of a specific health event, LAC,
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represents number of cows at risk starting a lactation, and LAC, indicates number of
cows at risk ending lactation. Number of cows beginning a lactation was used for both
number of lactations at risk and number of cows at risk starting a lactation. Number of
cows at risk ending a lactation was obtained as the number of cows that did not have the
health event of interest reported throughout that lactation (LAC; — LACy). Standard
error of mean LIR or ID was calculated for each health event over lactations. Incidences
calculated from the data were compared to incidence rates found in literature. Between 5
and 30 studies were used to calculate mean literature incidence and 95% incidence range

for each health event, with a total of 46 studies used.

2.3.3 Phenotypic analysis of relationships between health events

Logistic regression was employed to analyze putative relationships among common health
events. Logistic regression uses the logit link function. The logistic regression model was

specified as follows:

n=Xpg

where 1 represents the logit of observing the health event of interest, 3 represents a vector
of fixed effects, and X is the corresponding incidence matrix. If probability of observing
the health event of interest (Y; = 1) is m; then odds of observing the health event of

interest is given by m;/(1 — ;). The logit of observing the health event of interest is:

T
i =1
) Oﬂl_m)
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When using logistic regression, coefficient estimates are equal to log odds ratio given by:

— 1o 7Tz/<]- — 7Ti)
Il =)

The odds ratio can be obtained by taking the exponential function of coefficient estimates.
An odds ratio of 1.0 indicates no association between the independent and dependent
variable. Odds ratios further from 1.0 indicate stronger associations. Fixed effects included
herd, parity, year, breed, and season of calving. Four seasons of calving were defined:
January to March, April to June, July to September, and October to December. Breed
effect included five levels: Brown Swiss, Holstein, Jersey, crossbred, and others, where
this last level included the remaining minor breeds. The data were divided into three
sets based on DIM at occurrence: 0 to 60 DIM, 61 to 90 DIM, and 91 to 150 DIM. Only
the first occurrence of a health event for each cow within each timeframe was included
in the analysis. Health events with an earlier mean DIM of occurrence were allowed to
enter the model when significant as predictors. A record was given a “1” for a predictor
health event if an incidence occurred prior to an incidence of the health event of interest
and “0” otherwise. Analyses for the 0 to 60 DIM timeframe included incidences occurring
within that timeframe. Similarly, analyses for the 61 to 90 and 91 to 150 DIM timeframes
were completed with the health event of interest restricted to the specified timeframe but
predictor health events were allowed to range from 0 DIM up to the maximum DIM of
the timeframe (i.e., either 90 or 150 DIM).

Due to size of the datasets, sampling was employed to arrive at a final model. Smaller
datasets were created by sampling 100 herds without replacement from the full dataset

for each health event of interest. For health events with fewer than 100 herds reporting
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(diarrhea (DIAR) and DSAB), smaller subsets were used. The DIAR dataset sampled 30
herds from the full dataset. The DSAB dataset sampled 20 herds from the full dataset.
This sampling procedure was repeated twenty times. For each sampled dataset, forward
and reverse stepwise regression was used to select prior health events that should enter
the model using the “step” function of R (R Development Core Team, 2011). When a
predictor entered at least 50% of models produced with sampled data, that event was
included as a predictor in the final model fitted with the full dataset. A schematic of this
process is shown in Figure 2.2. Analyses of full datasets were performed using the “glm”
function of R (R Development Core Team, 2011). Path diagrams were constructed using
odds ratio estimates from logistic regression analyses.

Additional analyses were performed to further examine relationships among health
events. An analysis was completed for 61 to 90 DIM and 91 to 150 DIM timeframes
for MAST and LAME. These health events are more likely to occur multiple times
throughout a single lactation such that there may be increased odds of a second incidence
later in lactation. To analyze this, previous incidences were included as predictors for
models developed for MAST and LAME as previously described. For example, incidences
of MAST occurring within 0 to 60 DIM were included as predictors when modeling
occurrence of MAST within the 61 to 90 DIM timeframe. Incidences of MAST occurring
within 0 to 90 DIM were included as predictors when modeling occurrence of MAST
within the 91 to 150 DIM timeframe. The same procedure was completed for LAME.

A separate analysis was completed to identify differences in cows having lactations
greater than 365 days in length. Cows with extended lactations are generally cows that
have not become pregnant again. It can be hypothesized that an incidence of a disease
may result in a lack of conception. Overall incidence for each health event was compared

between cows with lactations ending within 365 days and cows with lactations greater
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than 365 days in length. Contingency tables were calculated and significance of incidence
difference for each health event was tested using a Chi-squared test. An additional path
analysis was completed for cows with lactations greater than 365 days for event occurring
within the 0 to 60 DIM timeframe.

In the original models, parity was included as a fixed effect, however it is reasonable
to consider first and later parities separately due to physiological differences found in first
parity cows. A separate analysis was conducted for health events with a higher incidence
rate in first parity cows (METR and REPR). Separate logistic models were analyzed for
first parity and later parities for the 0 to 60 DIM timeframe. Estimates from these models

were compared to the estimates from original models.

2.4 Results

The LIR or ID of each health event by lactation is shown in Table 2.8. Table 2.8 also
includes mean incidence and 95% incidence range of each health event as found in literature.
Fewer reports were found for health events more commonly reported in calves such as
DIAR, DIGE, and respiratory problems (RESP). For all other health events, at least
10 citations were used. The literature incidence for REPR is not reported in Table 2.8
as REPR represents a collection of reproductive disorders. All calculated incidences fell
within the 95% range of incidences found in literature with the exception of DIAR. Each
calculated mean incidence was less than mean incidence found in literature except for
KETO and DIGE. Incidence of most events increased from first lactation to fifth lactation
with the exception of DYST, METR, and REPR.

Table 2.8 shows results from logistic regression analyses for each timeframe of 1 to

60 DIM, 61 to 90 DIM, and 91 to 150 DIM including estimate, standard error, and
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probability for all significant results (P < 0.05). Each estimate represents the log odds
ratio when all other predictors are held fixed. A path diagram is shown for each timeframe
in Figure 2.3, Figure 2.4, and Figure 2.5. Health events are represented by acronyms, and
were classified into one of six categories (reproductive, digestive, mammary, respiratory,
locomotive, miscellaneous) depicted by different shapes in the diagrams. Edges represent
putative relationships. Weights assigned to edges are odds ratios that the health event at
the arrowhead will occur given a prior incidence of the health event at the base of the
arrow. Greater odds ratios indicate stronger associations.

Within the 0 to 60 DIM timeframe odds increased overall with increasing parity with
the exceptions of DYST, REPR, DSAB, and RESP. DYST had decreasing odds with
increasing parity. METR and REPR had the highest odds in first parity. Jerseys were
found to have decreased odds of DYST compared to other breeds whereas Holsteins were
found to have increased odds of REPR. Comparisons between breeds must be considered
carefully because breeds such as Holstein and Jersey were more highly represented than
other breeds. Within the 61 to 90 DIM timeframe, odds increased overall with increasing
parity except for CALC, DIAR, DSAB, REPR, and RESP. Lack of a pattern found
for CALC, DIAR, and DSAB may be the result of few incidences reported within that
timeframe. Jerseys were also found to have decreased odds of MAST and REPR within
this timeframe. Within the 91 to 150 DIM timeframe, there was an overall increase in
odds with increasing parity as well. Exceptions were found for CALC, DIGE, DSAB,
KETO, and RESP. Similarly to the 61 to 90 DIM timeframe, CALC, DIAR, DSAB, and
KETO had few incidences reported within the 91 to 150 DIM timeframe. REPR events
had decreased odds in parities 2 and 3.

The odds ratio of an animal having an incidence of MAST within the 0 to 60 DIM

timeframe and having a second incidence within the 61 to 90 DIM timeframe was 2.94.
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The odds ratio of an animal having an incidence of MAST within the 0 to 90 DIM
timeframe and having a second incidence within the 91 to 150 DIM timeframe was 2.83.
Incidences of LAME within the 0 to 60 DIM timeframe did not have a significant impact
on occurrence of a second incidence of LAME within the 61 to 90 DIM timeframe. The
odds ratio of an animal having an incidence of LAME within the 0 to 90 DIM timeframe
and having a second incidence of LAME within the 91 to 150 DIM timeframe was 1.93.

Cows with lactations longer than 365 days had higher incidence rates of health events
for all parities except CALC and DSAB. A higher LIR was found for CALC in third
parity cows with extended lactations. A higher LIR was found for DSAB in first, second,
and fifth parity cows with extended lactations. Chi-squared tests for differences in overall
incidence between lactations ending within 365 days and lactations longer than 365 days
were significant for all health events except CALC and DSAB (P < 0.005), indicating
higher incidences for cows with extended lactations. Overall pattern of the path diagram
did not change (results not shown). Overall pattern of putative relationships also did not

change when comparing first parity cows versus later parity cows for METR and REPR.

2.5 Discussion

Editing was performed to ensure data plausibility. Records reported outside the U.S. were
removed, as the goal of this research was to evaluate feasibility of using producer-recorded
data from U.S. farms. Heifer records were removed because heifers have different incidence
rates for health events [203]. The majority of data were from lactations 1 through 5.
Lactations beyond this were excluded to avoid bias from fewer records of later lactations.
This editing is also consistent with national genetic evaluations. Cow records terminated

prior to end of lactation were also removed to avoid any bias. Certain termination codes

50



indicate a particular health event as the main reason a cow was culled. To ensure that a
large amount of data were not being lost by excluding all terminated records, termination
codes were examined for each health event. Percentage of cows terminated for each
termination code was found to be similar between health events. Data from all breeds were
included because the main goal of the research was to analyze plausibility of producer-
recorded data as opposed to thoroughly examining differences between breeds. Minimum
and maximum frequency constraints were instead used to eliminate questionable data.
The minimum constraint was used to identify herds that did not record a particular health
event. The maximum constraint was used in an attempt to avoid records from herds that
used recording systems to track treatments given to cows.

Incidences from literature were gathered from varied studies conducted from 1979 to
2011. Experimental design, population, and environment were different between most
reports. Incidences from this dataset are less than those previously calculated from a
similar, though smaller dataset with the exception of RETP [50]. Incidences calculated from
a meta-analysis were included when calculating mean literature incidence rates [138]. For
diseases more commonly found in calves (DIAR, DIGE, RESP), incidence rates calculated
from studies involving calves were also included when calculating mean literature incidence
rates [81,93,145,198]. Direct comparison across studies is difficult. Health event definitions
varied between each study as well as methods of calculating incidence. Specific values
from each study cannot be used to directly compare results found in this study, although
they do lend support that values calculated from producer-reported data are within
range of previously calculated values. When compared to mean incidence calculated from
literature, producer-reported data is lower, with the exception of KETO and DIGE. This
may indicate, at least in part, that producers are more likely to use data systems for

recording treatments as opposed to diagnosis of health events. Health events deemed
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important by producers are likely to have more complete reporting when compared to
events considered less important. van Dorp et al. [205] reported that RETP, METR,
MAST, CYST, and stable footrot were likely to be considered most important by producers.
Consistent with this conclusion, health events with the most herds reporting data in this
analysis were MAST, REPR, CYST, METR, LAME, and RETP. van Dorp et al. [205]
also reported that udder edema, milk fever, DSAB, and KETO were likely not considered
priority diseases to producers. Again consistent with this conclusion, health events with
the fewest number of herds reporting were DSAB, DIAR, KETO, and CALC.

Path diagrams allowed putative relationships to be determined from an average timeline
of occurrence. Relationships could then be compared to relationships previously described
in literature as additional validation of the plausibility of producer-recorded data. The
majority of health events occur within the first 60 days following parturition. Health
events that occur early in lactation have the potential to influence risk of experiencing
a later health event. The three earliest health events (DYST, RETP, and KETO) all
had numerous significant pathways leading to later health events within the 0 to 60 DIM
timeframe. This indicates that a cow with an incidence of an early health event has an
increased risk of experiencing a later health event. Results from DYST must be interpreted
carefully since incidences are recorded through a different system. Later timelines were
used to analyze odds of an animal having a later incidence of a health event given a
previous health event incidence. Odds ratios ranged from 1.10 up to 15.50 in the 0 to 60
DIM timeframe. Odds ratios ranged from 1.14 to 3.61 in the 61 to 90 DIM timeframe
and ranged from 1.18 to 4.60 in the 91 to 150 DIM timeframe. The greatest odds ratio
was calculated for influence of a prior incidence of KETO on DSAB. This was also the
strongest relationship found by Correa et al. [55] with an odds ratio of 13.8. Correa et

al. [55] also included a 95% confidence interval for each odds ratio that ranged from 7.2
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to 26.3 for the relationship between KETO and DSAB. van Dorp et al. [205] also found a
strong association of KETO on DSAB with an odds ratio of 7.98.

The second greatest odds ratio was 8.37 found between RETP and METR. A relation-
ship between RETP and METR was found to have the strongest association in both later
timeframes. The relationship between RETP and METR has been previously documented.
Correa et al. [55] calculated an odds ratio of 6.0 with a 95% confidence interval of 2.8 to
7.5, which is lower than the estimate calculated in this analysis. This confidence interval
does include odds ratios calculated for the 61 to 90 DIM and 91 to 150 DIM timeframes
equal to 3.61 and 4.60, respectively. van Dorp et al. [205] calculated an odds ratio of
3.53 between RETP and METR. This estimate is lower than the relationship of RETP
on METR in any timeframe in this analysis. Erb et al. [70] found an odds ratio of 5.8
between RETP and METR. This estimate is lower than that calculated for the 0 to 60
timeframe but higher than later timeframes.

Several relationships involving influence of DYST that were found in this analysis
have also been found in previous studies. An association between DYST and RETP has
been previously documented by Correa et al. [55] with an odds ratio of 2.2 and a 95%
confidence interval ranging from 1.7 to 2.8. The odds ratio calculated in the 0 to 60 DIM
timeframe of this analysis was 2.14. An influence of DYST on METR has been previously
documented. Correa et al. [55] calculated an odds ratio of 2.1 with a 95% confidence
interval of 1.6 to 2.8. Erb et al. [70] also documented a relationship between DYST and
METR with an odds ratio of 3.5. The odds ratio between DYST and METR was equal to
2.36 in the 0 to 60 DIM timeframe and 2.45 in the 91 to 150 DIM timeframe.

Several relationships found due to a prior incidence of RETP have been previously
documented by Dohoo and Martin [64]. An odds ratio of 2.62 was found between RETP

and DSAB in the 0 to 60 DIM timeframe. Dohoo and Martin [64] calculated an odds
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ratio of 3.8 for the influence of RETP on DSAB. The influence of RETP on KETO was
calculated to have an odds ratio of 2.44 in the 0 to 60 DIM timeframe. An odds ratio of
1.9 was calculated for this relationship by Dohoo and Martin [64].

Influences of KETO on later health events were consistent with previously documented
results. Influence of a prior incidence of KETO on DIGE was calculated with an odds
ratio equal to 3.58 in the 0 to 60 DIM timeframe. Dohoo and Martin [64] calculated an
odds ratio equal to 2.6 for influence of KETO on DIGE. DIGE in their study was defined
as miscellaneous digestive tract disorders. An influence of KETO was also found to impact
METR in the 0 to 60 DIM timeframe with an odds ratio equal to 1.69. Correa et al. [55]
calculated an odds ratio of 1.7 with a 95% confidence interval spanning 1.0 to 3.0 for
influence of KETO on METR.

A large odds ratio estimate of 3.0 was found from CALC to RESP in the 0 to 60 DIM
timeframe. Within the 61 to 90 DIM timeframe, an influence of DIGE on RESP was
found to have an odds ratio of 3.33. Neither relationship has been previously documented,
possibly because RESP is not usually a significant health event for cows when compared to
calves. RESP is more likely to be included in calf studies as opposed to studies examining
cow health. Many other associations were found in this analysis that have not been
previously documented. This may be the result of several factors including size of the
dataset and events recorded and used in analysis. Ordering of health events also varied
slightly between studies affecting which results could be used for comparison.

A previous study included mastitis separated into distinct timeframes [205]. The
timeframes used were 0 to 30 d, 30 to 150 d, and 151 to 365 d. Significant odds ratios
between each of these timeframes were reported. The odds ratio between 0 to 30 d and
30 to 150 d was 4.42; the odds ratio between 30 to 150 d and 151 to 365 d was 3.68. The

values reported are higher than those reported here buy may be due in part to the differing
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timeframes that were used. Previous studies were not found that examined influence of
prior incidences of LAME on later incidences, however this analysis indicates that there

is an increased odds of having a second incidence of LAME given a first incidence.

2.6 Conclusions

Results of this analysis provide evidence for the plausibility of on-farm recorded health
information. Incidence rates of health events fell within the range of those found in
literature, however they were generally lower than mean incidence of literature reports,
especially for less common diseases. This may reflect tendency of the producer to more
precisely record health information that is perceived to be most relevant. Path analyses
allowed credible relationships to be constructed between health events. These relationships
were then compared to previously identified relationships between health events, providing
further validation for the producer-recorded data. Empirical pathways based on order
of occurrence were constructed at this time as opposed to using other more complex
methods in order to more easily compare estimates with results reported in literature.
Phenotype networks could help explain complex biological systems, especially for traits
with low heritabilities, such as health traits. Continued work should be conducted by
incorporating genetic information with the use, for example, of recursive models to further
analyze health event data. Path diagrams that were produced can be used as a guide
in constructing these models. For example, structural equation models can be used to
analyze recursive relationships as well as incorporate genetic information [183].

Herd was included as a fixed effect in the analysis, however, we recognize that further
research should examine various cow and herd level characteristics that may be used as

indicators of health status. Nonparametric methods such as random forest could be used

%)



to select influential criteria from herd and cow characteristics. Further work should also
be conducted to determine the most suitable editing criteria. Editing criteria used here
produced a sufficiently reliable dataset, however other editing criteria could be used. Herd
characteristics could be used to group similar herds and then flag those with a lower
incidence rate than that of similar herds. Comparatively low intraherd heritability could
also be used as an indicator of under-reporting.

The information gathered may prove useful to producers by allowing use of health
event information from early lactation to help predict and prevent health events in later
lactation. Knowledge of causal effects between health traits could also aid in development
of breeding programs that more efficiently incorporate health information. More complete
data recording along with standardized health event definitions would improve credibility

of the data.
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2.8 Tables

Table 2.1: Summary statistics of each health event of interest

Health event 0 to 60 DIM Health event 61 to 90 DIM Health event 91 to 150 DIM

Health Herds Cows Total cases Herds Cows Total cases Herds Cows Total cases

event ' (no.) (no.) (no.) (no.) (no.) (no.) (no.) (no.) (no.)

DYST 317 123,552 5,024
RETP 598 185,154 12,602

KETO 211 75,458 5,280 211 74,150 36 211 74,146 27
DSAB 31 10,382 297 31 10,326 8 31 10,325 2
CALC 237 96,899 1,446 237 96,677 24 237 96,72- 101
METR 600 200,875 25,525 599 192,862 385 299 193,057 1,071
DIAR 42 19,699 498 42 19,624 50 42 19,623 50
DIGE 442 152,730 5,352 442 151,591 415 442 151,652 667
RESP 457 169,561 3,013 457 169,060 277 457 169,106 384
REPR 723 225,558 7,445 720 223,709 508 721 224,142 1,850

MAST 759 233,368 26,403 759 227,624 5,174 759 228,424 8,410
CYST 699 190,227 2,519 699 190,449 2,557 707 211,338 3,690
LAME 632 205,531 7,848 631 204,090 2,521 632 204,952 4,863

I CALC = hypocalcemia; CYST = cystic ovaries; DIAR = diarrhea; DIGE = digestive problem;
DSAB = displaced abomasum; DYST = dystocia; KETO = ketosis; LAME = lameness; MAST
= mastitis; METR = metritis; REPR = reproductive problem; RESP = respiratory problem;
RETP = retained placenta.
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Table 2.2: Health event incidence by lactation, mean over lactations, and mean literature
incidence with 95% range

Health

event!

Mean (SE) over
Lactation ID (%)? LIR(%)? lactations (%)

Mean literature incidence?

(95% range);

[no. of citations]

CALC

CYST

DIAR

DIGE

DSAB

DYST

1

U = W N = O R W N O W NN = Ol W N = O W NN = Ot sWw N

2.65
3.38
3.54
3.76
4.16

0.23
0.53
1.68
3.67
5.89

1.58
1.66
2.13
1.72
3.48
2.21
2.64
3.11
3.47
3.76
1.29
1.26
3.17
2.18
3.11
2.90
1.77
1.70
1.74
2.07

o8

2.40
(1.06)

3.50
(0.25)

2.11
(0.35)

3.04
(0.28)

2.20
(0.42)

2.04
(0.23)

7.44
(1.49, 21.75)
18]

9.05
(0.76, 21.70)
[21]

5.88
(2.77, 11.22)

[5]

2.60
(0.20, 6.89)
8]

2.67
(0.56, 8.85)
[11]

5.29
(0.80, 13.34)
[14]



Table 2.2: (continued)

Mean literature incidence

Health Mean (SE) over (95% range);
event Lactation ID (%) LIR(%) lactations (%) [no. of citations]
KETO 1 3.42 0.15 5.07
2 3.10 (0.78) (0.32, 19.50)
3 6.03 21]
4 6.61
) 6.61
LAME 1 4.83 6.37 9.27
2 5.80 (0.46) (2.54, 30.44)
3 6.75 17]
4 7.22
) 7.24
MAST 1 9.53 12.32 17.98
2 10.24 (1.06) (0.96, 39.13)
3 12.98 129]
4 13.75
) 15.09
METR 1 871  6.86 (0.47) 12.34
2 6.11 (1.77, 35.50)
3 6.28 [23]
4 6.48
) 6.70
REPR 1 3.06 2.83
2 2.50 (0.11)
3 2.62
4 2.98
) 2.97
RESP 1 1.34 1.37 3.30
2 1.26 (0.04) (0.21, 7.11)
3 1.41 12]
4 1.50
5 1.36
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Table 2.2: (continued)

Mean literature incidence

Health Mean (SE) over (95% range);
event Lactation ID (%) LIR(%) lactations (%) [no. of citations]
RETP 1 2.49 4.60 8.02

2 3.97 (0.63) (2.33, 17.94)

3 5.04 [30]

4 5.44

) 6.07

1 CALC = hypocalcemia; CYST = cystic ovaries; DIAR = diarrhea; DIGE = digestive problem; DSAB =
displaced abomasum; DYST = dystocia; KETO = ketosis; LAME = lameness; MAST = mastitis; METR
= metritis; REPR = reproductive problem; RESP = respiratory problem; RETP = retained placenta.
2 ID = incidence density.

3 LIR = lactational incidence rate.

4 Calculated from Appuhamy et al. (2009); Barker et al. (2010); DeGaris and Lean (2008); Dubuc et
al. (2010); Emanuelson et al. (1993); Faye (1992); Fleischer et al. (2001); Frei et al. (1997); Gay and
Barnouin (2009); Groehn et al. (1992); Grohn et al. (1989, 1995); Hamann et al. (2004); Heringstad et al.
(1999); Miller and Dorn (1990); Mérk et al. (2009); Olde Riekerink et al. (2008); Stevenson (2000); Toni
et al. (2011); Yéniz et al. (2008).

Table 2.3: Logistic regression results 0 to 60 DIM, 61 to 90 DIM, and 91 to 150 DIM

Health event  Prior health

of interest! event Estimate”  SE Probability
Health event 0 to 60 DIM; predictors 0 to 60 DIM
RETP DYST 0.76 0.06 0.68
KETO DYST 0.20" 0.10 0.55
RETP 0.89 0.06 0.71
CALC DYST 0.83 0.20 0.70
DSAB RETP 0.96 0.02 0.72
KETO 2.74 0.19 0.94
METR DYST 0.86 0.05 0.70
RETP 2.13 0.02 0.89
KETO 0.52 0.06 0.63
CALC 0.70 0.12 0.67
DIAR KETO 1.30 0.19 0.79
METR 0.88 0.14 0.71
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Table 2.3:  (continued)

Health event  Prior health

of interest event Estimate SE Probability
DIGE DYST 0.59 0.08 0.64
RETP 0.60 0.06 0.65
KETO 1.27 0.09 0.78
METR 0.76 0.04 0.68
DIAR 0.77" 0.24 0.68
RESP DYST 0.39" 0.13 0.60
RETP 0.53 0.08 0.63
KETO 0.96 0.13 0.72
CALC 1.10 0.25 0.75
METR 0.50 0.06 0.62
DIGE 0.96 0.08 0.72
MAST DYST 0.25 0.05 0.56
REPR 0.33 0.05 0.58
REPR DYST 0.20° 0.10 0.55
RETP 0.87 0.06 0.70
KETO 0.42 0.13 0.60
Health event 61 to 90 DIM; predictors 0 to 90 DIM
METR RETP 1.28 0.21 0.78
DIGE RETP 0.58" 0.22 0.64
RESP DYST 0.77 0.33 0.68
DIGE 1.20 0.24 0.77
MAST CALC 0.40° 0.20 0.60
RESP 0.48 0.12 0.62
REPR METR 1.22 0.15 0.77
CYST MAST 0.30" 0.09 0.57
LAME DIGE 0.63 0.13 0.65
REPR 0.49 0.14 0.62
Health event 91 to 150 DIM; predictors 0 to 150 DIM
METR DYST 0.90 0.16 0.67
RETP 1.53 0.12 0.99
DIGE METR 0.61 0.12 0.65
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Table 2.3:  (continued)
Health event  Prior health
of interest event Estimate SE Probability
RESP METR 0.36" 0.18 0.59
DIGE 0.97 0.21 0.73
REPR RETP 0.66 0.10 0.66
METR 1.04 0.07 0.74
DIGE 0.69 0.12 0.67
MAST METR 0.17" 0.05 0.54
DIGE 0.23" 0.07 0.56
RESP 0.38 0.09 0.59
CYST RETP 0.21° 0.10 0.55
MAST 0.25 0.06 0.56
LAME RETP 0.25"" 0.08 0.56
METR 0.18™ 0.06 0.54
RESP 0.41 0.12 0.60

1 CALC = hypocalcemia; CYST = cystic ovaries; DIAR = diarrhea; DIGE = digestive problem; DSAB =
displaced abomasum; DYST = dystocia; KETO = ketosis; LAME = lameness; MAST = mastitis; METR
= metritis; REPR = reproductive problem; RESP = respiratory problem; RETP = retained placenta.

" All estimates were significant at P < 0.001 unless otherwise noted as = (P < 0.01) or “(P < 0.05).

62



2.9 Figures

General Editing

| Within US |

| Cow record with identification |

| Lactations 1 to 5 |

| Lactation 365 days |

Lactation not terminated
(termination code = 0)

lY ) 2

Minimum Constraint Eliminate
| HY has > 1 incident reported | N T
| HY has> 5 cows | *
Y

Maximum Constraint

Incidence per HY < u+20

— Retain

Figure 2.1: Data editing scheme for health events. !

'HY = herd year; 1 = mean incidence of health event; o = standard deviation of health event; Y = yes;
N = no.
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Health event dataset

N 2\,
o )
&Y g RN
S 5} G %
3 o
100 herds! 100 herds 100 herds 100 herds

Herd, parity,
season, year, and
breed included in
all models

Forward/Reverse stepwise regression of prior health events

Calculate percentage of models that include each prior health event

<50% > 50%
Prior health event NOT Prior health event
included in final model included in final model
determination determination

ISmaller subsets were used for health events with fewer than 100 herds reporting
(diarrhea dataset sampled 30 herds; displaced abomasum dataset sampled 20 herds).

Figure 2.2: Model construction schematic for each health event of interest
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Figure 2.3: Path analysis of 0 to 60 DIM timeframe, with shapes representing event
categories. 12

1Overall mean DIM at occurrence is shown in parentheses.

2CALC = hypocalcemia; CYST = cystic ovaries; DIAR = diarrhea; DIGE = digestive problem; DSAB =
displaced abomasum; DYST = dystocia; KETO = ketosis; LAME = lameness; MAST = mastitis; METR
= metritis; REPR = reproductive problem; RESP = respiratory problem; RETP = retained placenta.
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Figure 2.4: Path analysis of 61 to 90 DIM timeframe, with shapes representing event

categories. 12

1Overall mean days in milk at occurrence is shown in parentheses.

2Ttalicized health events occurred before the 61 to 90 DIM period. CYST = cystic ovaries; DIGE =
digestive problem; DYST = dystocia; LAME = lameness; MAST = mastitis; METR = metritis; REPR
= reproductive problem; RESP = respiratory problem; RETP = retained placenta.
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Mammary

1
(2)

(RETP)

Respiratory

Locomotive

2.45

Figure 2.5: Path analysis of 91 to 150 DIM timeframe, with shapes representing event

categories. 12

1Overall mean DIM at occurrence is shown in parentheses.

2Ttalicized health events occurred before the 91 to 150 DIM period. CYST = cystic ovaries; DIGE =
digestive problem; DYST = dystocia; LAME = lameness; MAST = mastitis; METR = metritis; REPR
= reproductive problem; RESP = respiratory problem; RETP = retained placenta.
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CHAPTER

THREE

GENOMIC SELECTION FOR PRODUCER-RECORDED

HEALTH EVENT DATA IN U.S. DAIRY CATTLE

3.1 Abstract

Emphasizing increased profit through increased dairy cow production has revealed a
negative relationship of production with fitness and health traits. Decreased cow health
can affect herd profitability through increased rates of involuntary culling and decreased
or lost milk sales. Development of genomic selection methodologies, with accompanying
substantial gains in reliability for low-heritability traits, may dramatically improve the fea-
sibility of genetic improvement of dairy cow health. Producer-recorded health information
may provide a wealth of information for improvement of dairy cow health, thus improving
profitability. The principal objective of this study was to use health data collected from
on-farm computer systems in the United States to estimate variance components and

heritability for health traits commonly experienced by dairy cows. A single-step analysis

68



was conducted to estimate genomic variance components and heritabilities for health
events, including cystic ovaries, displaced abomasum, ketosis, lameness, mastitis, metritis,
and retained placenta. A blended H-matrix was constructed for a threshold model with
fixed effects of parity and year-season and random effects of herd-year and sire. Single-
step genomic analysis produced heritability estimates that ranged from 0.02 (standard
deviation = 0.005) for lameness to 0.36 (standard deviation = 0.08) for retained placenta.
Significant genetic correlations were found between lameness and cystic ovaries, displaced
abomasum and metritis, and retained placenta and metritis. Sire reliabilities increased, on
average, approximately 30% with incorporation of genomic data. From the results of these
analyses, it was concluded that genetic selection for health traits using producer-recorded
data is feasible in the United States, and that inclusion of genomic data substantially

improves reliabilities for these traits.

3.2 Introduction

Previous emphasis on increased profit through increasing dairy cow production has
made a negative relationship of production with fitness traits become apparent [180].
An alternative to increasing net profit is to decrease management costs by improving
overall health of the cows [222]. Declining health of cows can affect profitability of a
herd by impacting several aspects, such as additional culling, decreased and lost milk
sales, veterinary expenses, and additional labor [97,98]. Kelton et al. [128] estimated the
cost of several common health events ranging from $39 per lactation with an event of
cystic ovaries up to $340 per case of left-displaced abomasum. Over the past 15 years
however, these economic costs may have drastically changed. More recent studies have

looked at the average cost per case of specific hoof and leg disorders such as sole ulcers,
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digital dermatitis, and foot rot. Average cost per case of these events was estimated to be
$216.07, $132.96, and $120.70, respectively [45]. These estimates accounted for factors
such as milk loss, treatment cost, and decreased fertility. Other recent research identified
factors that contribute to the cost of an incidence of mastitis. Average cost of clinical
mastitis per case was approximately $179, with $115 of that the result of lost milk, $14
from increased mortality, and $50 from treatment costs [10].

Genetic selection is an appealing tool for improvement of health traits. Difficulty is
encountered, however, as no mandated or consistent recording system of health traits
exists in the United States. In some European countries, recording of health events is
mandatory. Genetic selection for increased disease resistance has been performed for
more than 30 years and the potential for genetic improvement in health-related traits
has been demonstrated in Scandinavian cattle breeds [3,171]. Genetic improvement of
clinical mastitis incidence has also been demonstrated in Nordic cattle [105,171]. Lack of
health-related phenotypes in the United States creates an obstacle to genetic improvement.
Several previous studies have confirmed the possibility of using on-farm recorded health
information for genetic improvement. Zwald et al. [222] used on-farm recorded health
data from 2001 to 2003 and concluded that this data would allow genetic selection to
be possible. Prior research was completed to analyze if producer-recorded data from a
similar data set to the current study accurately reflected true incidences of health events
after several editing constraints were put in place. Phenotypic relationships were also
examined between common health events and compared with results from epidemiological
studies to further validate the data [168].

Although genetic improvement in some health traits has been demonstrated, progress
is slow, especially when compared with improvements achieved in production traits. Health

traits are typically categorized as being lowly heritable. Low sire reliabilities are also
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common for health traits due to a combination of low heritability and limited availability
of phenotypes. Dense marker data have been shown in many studies to improve reliability
of prediction [99,101,209]. Increased availability of dense molecular marker data may
allow progress to be achieved at a quicker rate, especially for lowly heritable traits. Marker
information is attainable at birth, which could decrease the generation interval required
to achieve an acceptable reliability. Genomic selection methodologies are currently being
widely investigated and implemented in dairy cattle breeding [209,212], as well as in other
species [166,190]; however, most of this research has involved traditional traits, such as
those related to production [162,209].

One method of including SNP marker data into genetic analyses is the single-step
method. Misztal et al. [151] and Legarra et al. [140] proposed the single-step method, as
an alternative to multi-stage approaches. The single-step procedure replaces the pedigree
(A) and genomic (G) relationship matrices with a blended H matrix [6,47] that combines
information from A and G. The H matrix can be implemented similarly to the A
relationship matrix in BLUP analyses [140]. This allows a straight-forward application of
genomic data to complicated models and complex data structures [6].

Several studies have incorporated functional traits along with production traits using
genomic data [32,134], although the vast majority of these were conducted outside the
United States. The objective of the current study was to perform pedigree- and genomic-
based analyses on producer-recorded health data to estimate variance components and
heritabilities for health traits commonly encountered by dairy cows in the United States,
thereby confirming a genetic component of major health events. A multiple-trait genetic
analysis using pedigree data was completed to identify genetic relationships among common
health events, including cystic ovaries (CYST), displaced abomasum (DSAB), ketosis
(KETO), lameness (LAME), mastitis (MAST), metritis (METR), and retained placenta
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(RETP). Single-step methodology was used to incorporate genomic information into a
multiple-trait analysis of common health events, using estimates from pedigree-based
analyses as starting values. Reliabilities were compared between pedigree-based analyses
and genomic-based analyses. Genetic correlation with more commonly reported fitness
traits, including daughter pregnancy rate [208], SCS, net merit [51], and milk yield, were

also approximated.

3.3 DMaterials and Methods

Voluntary producer-recorded health event data were available from Dairy Records Man-
agement Systems (Raleigh, NC) from US farms from 1996 through 2012. Health events
included in analyses were MAST, METR, CYST, DSAB, KETO, LAME, and RETP from
cows of parities 1 through 5. Cows with records in later parities were required to have
records for all prior parities. Data quality edits were applied as described in Parker Gaddis
et al. [168]. Minimum and maximum constraints were imposed on the data by herd-year
to avoid using records from herd-years that over- or underreported an event. Extended
lactations lasting up to 400 d postpartum were included in analyses under the assumption
that cows with extended lactations were likely to be those that had not become pregnant.
This decreased fertility could potentially be attributable to poor health, which could
be reflected in the data. Production data included a variable indicating if a cow was
removed from the herd during lactation. Records being coded as anything other than a
normal lactation were originally removed from the data set. These records included cows
removed from the herd during lactation, potentially for health-related reasons. Analyses
were later completed including these terminated records, as no significant difference was

found when terminated records were included. After editing, there were 134,226 total
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first-parity records from 12,893 sires and 13,534 maternal grandsires. There were 174,069
total records from parities 2 through 5 for 100,635 cows from 11,481 sires and 11,716
maternal grandsires. A summary of the data structure by health event is shown in Table
3.1.

Genomic data from the Illumina BovineSNP50 Bead-Chip (Illumina Inc., San Diego,
CA) were available for 7,8883 sires. Standard filters were previously applied to the marker
data, including removing SNP with minor allele frequencies less than 0.05 and removing
SNP that were in complete linkage disequilibrium with other SNP, resulting in a final set
for analysis of 38,416 SNP [209]. There were 4,814 genotyped sires that had daughters

with a least 1 health record in the final data set.

3.3.1 Pedigree-based analyses

Two multivariate analyses were completed: one using only first-parity records, and a
second using records from parities 2 through 5. This was performed considering biological
differences found in first-parity animals compared with multiparous animals [56]. The data
set of later-parity records represents a selected subset including only cows that survived
to their second calving. A multiple-trait threshold sire model was used to fit a 7-trait
model for the following health events: MAST, METR, LAME, RETP, CYST, KETO,

and DSAB. The model used for first parity records was

A =XB+Zyh+ Zes +e,

where A represents a vector of unobserved liabilities to the given diseases; 3 is a vector of
fixed effects including overall mean and year-season; X is the corresponding incidence

matrix for the fixed effect; h represents the random herd-year effect, where h ~ N(0, Io),
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with I representing an identity matrix and o7 representing the variance of herd-year; s
represents the random sire effect, where s ~ N (0, Ac?), with A representing the additive
relationship matrix and o2 representing sire variance; Zy, and Zg represent corresponding
incidence matrices for the appropriate random effects; and e represents random residual,
modeled following N(0,I), fixing variance equal to 1 to attain identifiability. Herd-year
and year-season were included as separate effects to avoid levels with very few or no
records. A probit link was used to transform event incidence to liability. A Monte Carlo
Markov chain approach through Gibbs sampling was used to obtain estimates of variance
components. The model for later parities was similar, but included a fixed effect of parity

(with levels 2 to 5) and a random permanent environmental effect:

AN=XB+Zyh+Zss+Z,p+e,

where [ is a vector of fixed effects including mean, parity, and year-season; p represents
permanent environmental effect; and Z, represents the corresponding incidence matrix.
All other variables remained the same as previously described. Variance components and
heritabilities were determined from parameter estimates calculated using THRGIBBS1F90
(version 3.04) [153]. Trace plots were inspected visually to ensure that convergence had
been reached; in addition, Geweke’s convergence statistic [84] was calculated with the
coda package [172] in R version 2.15.1 [176]. Posterior standard deviations were calculated
for each estimate.

Posterior means of sire PTA were obtained on the liability scale and later converted
to probabilities of disease as described by Zwald et al. [224]. Approximate reliabilities
of estimated sire PTA were calculated using ACCF90 (version 1.67) [153]. Genetic

correlations between each health trait and other more commonly reported fitness traits
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were approximated using reliabilities of sire PTA following Calo et al. [37]. Additional
traits considered included daughter pregnancy rate (DPR), productive life (PL), milk
yield (MY), SCS, and net merit (NM). Approximate genetic correlations were calculated

using the method of Calo et al. [37]:

() (B )

Tgr0 =

X 1,2,

n
(RLM X RLQZ)

i=1

where 7,4, , is approximate genetic correlation between trait 1 and trait 2; RLy; and RLy;

represent reliabilities of trait 1 and trait 2, respectively, for sire ¢; and r; o represents

correlation between PTA for traits 1 and 2. Standard error of the approximate genetic

correlation was calculated as described by Sokal and Rohlf [193]:

1—7
SE: 91,2
V n—2"

where n represents number of sires with records.

3.3.2 Genomic-based analyses

Genomic data were incorporated using a blended H matrix in a single-step procedure as
implemented in preGSf90 (version 1.142) [7]. Further editing was applied as set by default
software settings, resulting in genomic data being included for 7,883 sires with 37,713
markers. Default editing included exclusion of SNP with minor allele frequency less than
0.05, exclusion of SNP with call rate less than 0.90. The G matrix was calculated and
scaled following VanRaden [207], using allele frequencies calculated from the available

genotypes. The blended H matrix was incorporated into the same multiple-trait threshold

75



sire model as previously described above using THRGIBBS1F90 (version 2.104) [200].
A chain of 100,000 iterations was completed with 10,000 samples discarded as burn-in,
saving every 25" sample. Post-Gibbs checks were carried out similarly to those described
for previous analyses.

Reliabilities of genomic PTA were estimated following Misztal et al. [152]. Reliabilities
from pedigree-based multiple-trait analysis were used as reliabilities calculated without
genomic information. These reliabilities were then converted to effective number of records

for genotyped animals following the formula provided in Misztal et al. [152]:

d; = af1/ (1 rel,,) — 1],

where « is the ratio of residual variance to genetic variance calculated from pedigree-
based multiple-trait analysis and rel,, represents approximated reliabilities based only on

pedigree information. The inverse matrix Q! was calculated as

Q'=D+(I+G'—Ay)a ™,

where D is a diagonal matrix composed of elements d;, G™1 is the inverse genomic
relationship matrix, and A, is the inverse of the pedigree-based relationship matrix for
genotyped animals only [152]. Genomic reliabilities were then approximated as shown
below:

rely, =1 —agq",

where rel,, represented approximate genomic reliability and ¢” was the diagonal element

of Q71, corresponding to the it animal [152].
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3.4 Results and Discussion

Heritabilities and genetic correlations (£5D) from pedigree-based analyses are shown
in Table 3.2 for first-parity records. All traits exhibited a genetic component, although
most had low heritabilities. The highest heritability in first-parity records was 0.22
found for both DSAB and RETP. Heritability of DSAB is similar to previously reported
estimates [156, 203]. Displaced abomasum was also found to be the most heritable
health trait in a smaller data set that included data from fewer years and different
organizations [222]. High heritabilities for DSAB and RETP may be partially explained
by the severity of the event, with DSAB often requiring veterinary intervention. Zwald
et al [223] found DSAB to be most consistently recorded health event among producer-
recorded data. Discrepancies in diagnosis of DSAB and RETP are also minimal, which
is likely to improve consistency of reporting. Lower heritabilities were found for traits
such as CYST and LAME, which are much less likely to be recorded in a consistent
manner. For example, producers may have different opinions regarding what constitutes
an incidence of lameness that warrants being recorded.

Heritabilities and genetic correlations (+£5D) from pedigree-based analysis are shown
in Table 3.3 for later-parity records. All heritabilities were similar to (CYST, LAME,
and METR) or smaller than (DSAB, KETO, MAST, and RETP) the results from first-
parity analysis (Table 3.2). The highest heritability was found for DSAB and the lowest
heritability was found for CYST. Posterior estimates of permanent environmental variance
were small, ranging from 6.7 x 1073 for RETP to 0.017 for CYST. Repeatability for
later-parity records ranged from 0.02 for CYST and LAME to 0.13 for DSAB, and were
lower than those reported by Gernand et al. [83], with the exception of RETP, which was

very similar. Discrepancies in estimates from different studies may be related to event
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severity or variations in recording consistency.

The strongest genetic correlation in first-parity records was between DSAB and
KETO (0.66 £ 0.07), which is similar to correlations reported previously [133,156,223].
Genetic correlation between DSAB and KETO in later parities was of similar magnitude
(0.65 4 0.15). Significant correlations between METR and RETP of 0.56 (£0.10) in first-
and 0.69 (40.10) in later-parity records were found, which is smaller than a previously
reported value of 0.79 (£0.32) [156]. These correlation estimates were consistent with
odds ratios previously reported from these data [168].

Several diseases had negative correlations with CYST, but none were significant in
first parity. The only trait in later parities with a significant (positive) correlation with
CYST was METR. These spurious results may be the result of how the trait is recorded,
editing criteria used, or a combination of the two. An incidence of CYST is likely to
be reported following a veterinary visit, but such exams are not likely unless a cow has
difficulty becoming pregnant. It may be that CYST events actually affect the following
lactation when the animal is being rebred, rather than the lactation when the event is
recorded. Relationships between CYST and METR have been previously reported [70,148],
supporting the significant genetic correlation estimated between CYST and METR from
later-parity records. This may be an indication of underlying reproductive health status
of the cow, but questions about consistency of reporting and data editing procedures
introduce additional uncertainty to CYST-related results.

Heritabilities and genetic correlations (£5D) from genomic-based analysis of first-
parity records are shown in Table 3.4. Heritabilities of all traits were higher than in
the pedigree-based analysis, with the exception of LAME, which remained the same.
Largest heritabilities were again found for RETP and DSAB. Correlation of DSAB with

KETO was similar in pedigree- and genomic-based analyses. Correlation of RETP with
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METR was smaller (0.36 + 0.15) in genomic-based analysis, but remained significant.
A significant correlation was found between DSAB and METR, which was significant
only in later-parity records using pedigree-based data. A significant correlation was found
between CYST and LAME (0.49 4 0.16), but results should be interpreted with caution
because LAME is a highly subjective event. Large discrepancies tend to exist in recording
LAME; producers may only record certain cases, and these practices will depend largely
on management routines [223].

Heritabilities and genetic correlations (£5D) for genomic-based analysis of later-parity
records are listed in Table 3.5. Heritability was similar to prior analyses and ranged from
0.02 (£0.01) for CYST up to 0.17 (£0.03) for DSAB. All heritabilities were larger than
heritability estimates using only pedigree information. However, all heritabilities were
larger for first- than later-parity genomic analyses. Significant genetic correlations were
again found between KETO and DSAB (0.61 £ 0.12) and between METR and RETP
(0.81 +0.06). No other correlations were significant in this analysis.

Estimates of heritability including genomic information were similar to those estimated
using pedigree information. Differences in heritability estimates between pedigree- and
genomic-based analyses may be the result of differences in scale of the relationship matrices.
Direct comparisons of estimates between analyses are not possible, however, because
the A matrix and H matrix are produced using different base populations. The largest
change between the two analyses was observed in reliability of sire PTA. Addition of
genomic information improved reliabilities of sire PTA for all health events, as shown
in Table 3.6. Reliabilities for these traits were low in comparison with production traits;
however, improvement obtained from addition of genomic information was substantial.
Increases in average reliability ranged from 9 percentage points for RETP (55 to 64%) to

15 percentage points for LAME (24 to 39%), which is consistent with results of VanRaden
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et al. [209]. Reliabilities reported in other studies are comparable. Brgndum et al. [32]
reported a genomic reliability for diseases unrelated to the udder ranging from 0.25 to
0.43, depending on population. Su et al. [196] calculated an expected reliability of genomic
EBYV for diseases unrelated to the udder slightly higher at 0.59. A third study investigated
different methods of calculating genomic predictions for production traits as well as
MAST [134]. One model was similar to the single-step method; however, deregressed
proofs were used as opposed to raw data. Validation reliabilities for genomic breeding
values of MAST in that study ranged from 0.15 to 0.17 [134], which is lower than the
reliability estimated for MAST in the current study.

Amount of increase in reliability from pedigree-based analysis compared with genomic-
based analysis varied among sires. Number of daughters with records varied for each
sire and health event, with the maximum number of daughter records being 1,567 for
MAST. Average number of daughters per sire across all health events was approximately
20. Although sires with at least 10 daughters had higher mean reliability overall, sires
with less than 10 daughters had the greatest improvement in reliability from addition of
genomic data. These results are expected. Sires with numerous daughters generally have
sufficient phenotypic data to achieve acceptable reliabilities. Young sires may not have had
sufficient time to accrue the number of daughters needed to reach equivalent reliability
levels. Trend for increase in reliability based on number of daughters for each sire is shown
in Figure 3.1 for MAST. As number of daughters increased, amount of improvement in
reliability decreased. Results from all other health events showed a similar pattern.

Sire posterior means of daughters’ probability to each disease are shown in Figure 3.2
for first-parity records. Mean probability can be considered average percentage of bulls’
daughters expected to experience an incidence of a given health event under equivalent

management conditions. The highest mean sire PTA of probability to a disease, 0.27, was

80



found for RETP, which is similar to the value for METR reported by Zwald et al. [222],
where METR included cases of either METR or RETP. Probability of MAST in first
parity was lower than that reported by Zwald et al. [222], but was similar at 0.17 in
later-parity records.

Approximate genetic correlations between health traits and more common fitness traits
are listed in Table 3.7 for first-parity data. All correlations were significant (P < 0.05)
except between CYST and SCS, METR and SCS, DSAB and MY, and KETO and MY.
Significant negative correlations were found between DPR and PL, with all health events
in both first- (Table 3.7) and later- (data not shown) parity groups. Negative correlations
between health events and DPR and PL were also found by Zwald et al. [223], and support
the proposition that increased genetic liability to disease is associated with decreased cow
reproductive performance and longevity. Significant negative genetic correlations were
also estimated between NM and all health events except CYST. Previous research has
shown a positive correlation between CYST and milk production [123,223]; however, milk
volume receives zero emphasis in the index for NM [51]. This could reflect a positive
correlation between CYST and components of NM, such as protein yield. Although a
consensus has not been reached, studies have estimated a positive genetic correlation
between CYST and protein yield [115,206]. Genetic correlations approximated in the
current study also suggest a small, positive genetic correlation between MY and CYST.
Somatic cell score was most highly correlated with MAST, having an approximate genetic
correlation equal to 0.56 (4£0.012). This was expected, given the well-known correlation
of MAST with SCS [42,83,104].

When selecting a genomic evaluation method, many aspects need to be considered.
Low heritability traits will need a larger number of records to reach reliabilities equivalent

to those found for more heritable traits [101]. As more records are collected, it is also
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important that those records be consistent [87]. Consistent recording of health data are
more difficult than other traits due to subjectivity of diagnosis and reporting. Accumulation
of more health records over time, as well as additional genotypes, is expected to improve
genomic prediction, regardless of method being used. This will allow more rapid genetic
improvement to be made in lowly heritable, yet economically important traits.

Advantages of single-step methodology, in addition to only requiring one step, include
that traditional BLUP methodology can be used with only modification to the relationship
matrix. This makes the single-step method easy to implement for complex data and models
such as multivariate, threshold, and random regression models [6]. The main disadvantage
of the single-step method is that it can be more computationally expensive due to
having to form the H™! matrix, although further methods have been developed to more
efficiently compute this matrix [6]. Reliabilities of prediction also have to be approximated
because direct matrix inversion is infeasible for large data sets. This will become especially
important as number of genotyped animals increases [152].

Regardless of the method for recording and analyzing health events, health status of
cows in a herd can have a large effect on profitability. Cost of a health event will largely
depend on severity of the event and the treatments that are used, as well as other factors
not related directly to the individual cow, such as current cost of milk and herd pregnancy
rate. An effective strategy to keep these costs as low as possible, irrespective of all other
factors, may be to incorporate genomic selection for improved cow health. Before further
progress can be accomplished, however, many challenges still exist. A unified recording
system would greatly improve the consistency of health event reporting. Incorporation
of genomic data will allow progress to be made at a more rapid rate, but that does
not diminish the necessity for many phenotypes. Additional research will also need to

further investigate incorporation of genomic data. Several other methods using a Bayesian
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framework exist that were not explored herein. Little research has been conducted at
this time that investigates performance of genomic methodologies when applied to data
from animals with low reliabilities for lowly heritable traits. Based on improvement in
reliability estimated in this study, health traits have the potential to greatly benefit from
genomic data, which will in turn lead to increased profitability for producers. Before this
can occur, however, further research will need to explore performance of the different

methodologies.

3.5 Conclusions

This study demonstrated potential for genetic improvement of health traits using producer-
recorded data. Significant genetic components were estimated for all common health events
investigated when evaluated using either pedigree data or pedigree data blended with
genomic data. Health traits were lowly heritable, making consistent, long-term goals
essential to achieve genetic improvement, regardless of availability of genomic data.
Significant correlations were found between RETP and METR, and between KETO and
DSAB. Incorporation of genomic information using single-step methodology increased
mean sire reliability by 9 to 15 percentage points. The largest improvement in sire
reliability was found for sires with fewer than 10 daughters with health records. Based on
this, it would be feasible to use genomic information on young bulls to achieve acceptable

reliabilities in a shorter period of time.
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3.7 Tables

Table 3.1: Summary statistics for each health event of interest

Number of records Number of year-seasons Number of herd-years
Health event First parity  Later parities First parity Later parities First parity  Later parities
Cystic ovaries 78,408 100,982 58 55 2,789 2,855
Displaced abomasum 78,025 100,108 56 54 2,049 2,073
Ketosis 47,101 60,791 55 51 1,154 1,172
Lameness 88,835 104,552 57 55 2,707 2,762
Mastitis 103,585 125,332 58 o7 3,198 3,255
Metritis 83,691 108,825 58 57 2,580 2,626
Retained placenta 82,666 105,474 56 54 2,419 2,526
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Table 3.2: Estimated heritabilities (SD) on the diagonal with estimated genetic correlations below the diagonal from
multiple-trait pedigree-based analysis with first-parity records

Cystic Displaced Retained
Trait ovaries abomasum Ketosis Lameness Mastitis Metritis placenta
Cystic ovaries 0.03 (0.01)
Displaced abomasum  -0.07 (0.15)  0.22 (0.03)
Ketosis -0.16 (0.16)  0.66 (0.07)"  0.09 (0.02)
Lameness -0.06 (0.24)  0.10 (0.18) 0.25 (0.19)  0.02 (0.005)
Mastitis 0.16 (0.17) 0.04 (0.11) 0.10 (0.12) 0.26 (0.17) 0.06 (0.01)
Metritis -0.25 (0.18)  0.22 (0.12) 0.22 (0.14) 0.07 (0.18)  -0.22 (0.12)  0.04 (0.01)
Retained placenta 0.24 (0.18)  0.42 (0.11)"  -0.01 (0.14)  -0.16 (0.20)  0.33 (0.11)"  0.56 (0.10)"  0.22 (0.04)

*Genetic correlations significant at P < 0.05.
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Table 3.3: Estimated heritabilities (SD) on the diagonal with estimated genetic correlations below the diagonal from
multiple-trait pedigree-based analysis with later-parity records

Cystic Displaced Retained
Trait ovaries abomasum Ketosis Lameness Mastitis Metritis placenta
Cystic ovaries 0.01 (0.005)
Displaced abomasum  0.25 (0.19) 0.12 (0.02)
Ketosis -0.02 (0.16)  0.65 (0.15)"  0.04 (0.01)
Lameness 0.33 (0.32)  -0.04 (0.17)  -0.01 (0.20)  0.02 (0.006)
Mastitis 0.15 (0.22) 0.02 (0.16)  -0.20 (0.24)  -0.15 (0.20)  0.03 (0.007)
Metritis 0.69 (0.15)"  0.38 (0.13)"  0.22 (0.26) 0.29 (0.17)  -0.001 (0.18)  0.03 (0.006)
Retained placenta 0.11 (0.20) 0.10 (0.16)  0.22 (0.20)  -0.16 (0.19) 0.02 (0.17) 0.69 (0.10)"  0.05 (0.01)

*Genetic correlations significant at P < 0.05.
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Table 3.4: Estimated heritabilities (SD) on the diagonal with estimated genetic correlations below the diagonal from
multiple-trait genomic-based analysis with first-parity records

Cystic Displaced Retained
Trait ovaries abomasum Ketosis Lameness Mastitis Metritis placenta
Cystic ovaries 0.05 (0.01)
Displaced abomasum  0.01 (0.13) 0.32 (0.04)
Ketosis -0.06 (0.15)  0.65 (0.09)"  0.14 (0.03)
Lameness 0.49 (0.16)"  -0.13 (0.14)  0.12 (0.17)  0.02 (0.005)
Mastitis 0.24 (0.14) 0.06 (0.10) 0.12 (0.12) 0.05 (0.15) 0.10 (0.01)
Metritis -0.30 (0.15)  0.29 (0.10)"  0.21 (0.13) 0.20 (0.19)  -0.08 (0.12)  0.07 (0.01)
Retained placenta 0.17 (0.22)  -0.09 (0.16) -0.21 (0.19) -0.28 (0.22)  0.05 (0.17)  0.36 (0.15)"  0.36 (0.08)

*Genetic correlations significant at P < 0.05.

88



Table 3.5: Estimated heritabilities (SD) on the diagonal with estimated genetic correlations below the diagonal from
multiple-trait genomic-based analysis with later-parity records

Cystic Displaced Retained
Trait ovaries abomasum Ketosis Lameness Mastitis Metritis placenta
Cystic ovaries 0.02 (0.01)
Displaced abomasum  0.26 (0.23) 0.17 (0.03)
Ketosis 0.09 (0.24)  0.61 (0.12)"  0.08 (0.02)
Lameness -0.36 (0.23)  0.001 (0.18)  0.03 (0.21) 0.03 (0.01)
Mastitis 0.54 (0.35) 0.06 (0.20)  -0.01 (0.19) -0.31 (0.18)  0.05 (0.01)
Metritis 0.04 (0.21)  0.24 (0.15)  0.28 (0.21)  0.11 (0.18)  -0.01 (0.15)  0.06 (0.01)
Retained placenta 0.24 (0.23)  -0.07 (0.15)  0.26 (0.18)  -0.20 (0.20)  0.12 (0.16)  0.81 (0.06)"  0.07 (0.01)

*Genetic correlations significant at P < 0.05.
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Table 3.6: Mean reliabilities of sire PTA computed with pedigree information and genomic information

Pedigree information Blended pedigree and genomic

information

Overall Unproven Proven Overall Unproven Proven  Overall
1 2 3

Health event mean sires sires mean sires sires gain
Displaced abomasum 0.44 0.22 0.65 0.55 0.38 0.71 0.11
Ketosis 0.35 0.18 0.52 0.48 0.35 0.61 0.13
Lameness 0.24 0.15 0.32 0.39 0.31 0.47 0.15
Mastitis 0.39 0.26 0.52 0.51 0.40 0.61 0.12
Metritis 0.35 0.24 0.46 0.48 0.38 0.57 0.13
Retained placenta 0.55 0.42 0.67 0.64 0.54 0.73 0.09

Unproven sires considered sires with less than 10 daughters.

2Proven sires considered sires with at least 10 daughters.

3The increase in mean reliability calculated as the difference in overall mean reliability between the blended model and the traditional (pedigree
data only) model.
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Table 3.7: Approximated genetic correlations (SE) between fitness traits and net merit (NM) with results from pedigree-
based analysis of first-parity records

Trait DPR PL MY SCS NM

Cystic ovaries -0.18 (0.019)"  -0.20 (0.019)"  0.24 (0.015)"  0.002 (0.018)  0.28 (0.015)"
Displaced abomasum  -0.47 (0.021)"  -0.47 (0.021)"  0.02 (0.017)  0.19 (0.016)"  -0.35 (0.020)"
Ketosis -0.48 (0.021)"  -0.48 (0.021)"  0.02 (0.017)  0.25 (0.015)"  -0.40 (0.020)"
Lameness -0.19 (0.019)"  -0.27 (0.020)"  0.09 (0.017)"  0.56 (0.012)" -0.21 (0.019)"
Mastitis -0.19 (0.019)"  -0.27 (0.020)"  0.09 (0.017)"  0.56 (0.012)" -0.21 (0.019)"
Metritis -0.35 (0.020)"  -0.18 (0.019)"  -0.21 (0.019)"  0.006 (0.017) -0.37 (0.021)"
Retained placenta -0.44 (0.021)"  -0.34 (0.020)" -0.05 (0.018)"  0.24 (0.015)" -0.30 (0.020)"

IDPR = daughter pregnancy rate; PL = productive life; MY = milk yield.
*Genetic correlation significant at P < 0.05.
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3.8 Figures
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Figure 3.1: Trend for number of daughters plotted against increase in reliability for each
sire in single-step analysis for mastitis.
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Figure 3.2: Sire posterior mean PTA of daughters’ probability to each health event in
first parity.!

loysT = cystic ovaries; DSAB = displaced abomasum; KETO = ketosis; LAME = lameness; MAST =
mastitis; METR = metritis; RETP = retained placenta. The bottom and top bars of the boxes represent
the first and third quartiles. The band within each box represents the median. The whiskers represent the
lowest and highest data points within 1.5 times the interquartile range. Data points outside this range
are represented by individual points.
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CHAPTER

FOUR

GENOMIC PREDICTION OF DISEASE OCCURRENCE
USING PRODUCER-RECORDED HEALTH DATA: A

COMPARISON OF METHODS

4.1 Abstract

Genetic selection has been successful in achieving increased production in dairy cattle;
however, corresponding declines in fitness traits have been documented. Fitness traits
are more difficult to select for, as they have low heritabilities and are influenced by a
multitude of non-genetic factors. The objective of this paper was to investigate two-stage
and single-step genomic selection methods applied to health data collected from on-farm
computer systems in the U.S. Implementation of single-trait and two-trait models was
investigated using BayesA and single-step methods for mastitis and somatic cell score.
Variance components were estimated. The complete dataset was divided into training

and validation to perform model comparison. Estimated sire breeding values were used to
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estimate number of daughters expected to experience mastitis. Predictive ability of each
model was assessed using sum of y? and proportion of wrong predictions. Depending on
model implemented, heritability of liability to mastitis ranged from 0.05 (SD = 0.02) to
0.11 (SD = 0.03) and heritability of somatic cell score ranged from 0.08 (SD = 0.01) to
0.18 (SD = 0.03). Posterior mean of genetic correlation between mastitis and somatic cell
score was 0.63 (SD = 0.17). The single-step method had the best predictive ability among
univariate analyses of mastitis. Conversely, the BayesA univariate model had the smallest
number of wrong predictions. Best model fit was found for single-step and pedigree-
based models. Bivariate single-step analysis had a better predictive ability than bivariate
BayesA; however, bivariate BayesA analysis had the smallest number of wrong predictions.
Genomic data improved our ability to predict animal breeding values. Performance of
genomic selection methods will depend on a multitude of factors. Heritability of traits and
reliability of genotyped individuals will have a large impact on performance of genomic
evaluation methods. Single-step methodology provided several advantages compared to

two-stage methods given the current characteristics of producer-recorded health data.

4.2 Introduction

Genetic selection has been very successful in achieving increased production in dairy cattle.
Consequently, a corresponding decline in fitness and fertility has been documented [180].
Fitness and fertility traits are more difficult to select for, as they have low heritabilities
and are influenced by a multitude of non-genetic factors. Improvement of functional traits
through genomic selection is an appealing tool because the changes can be considered
lasting. Genomic selection methodologies are currently being widely investigated and

implemented in dairy cattle breeding [209,212], as well as in other species [166, 190];
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however, much of this research has involved traditional traits, such as those related to
production [162,209].

In 2001, Meuwissen et al. showed that all available molecular markers could be used
to predict genomic values for quantitative traits. This article introduced two Bayesian
procedures for estimating genomic values, termed BayesA and BayesB. The first two
Bayesian variations introduced by Meuwissen et al. [149] have now been expanded upon
and are collectively referred to as the “Bayesian Alphabet” [85]. These multi-stage
methods estimate marker effects from individuals with both phenotypes and genotypes.
In a typical multi-stage genomic procedure, such as that described by VanRaden [207],
traditional breeding values are calculated using best linear unbiased prediction (BLUP)
methodology [102] for animals with genotypic information. Estimated breeding values
can then be deregressed to remove bias, as well as account for heterogeneous variances,
and used as “pseudo-phenotypes” (dEBV) [82]. Performance of response variable has
been shown to be dependent upon heritability of the trait, number of daughters per sire,
number of animals genotyped, and type of statistical model in simulation studies [94]. It
becomes especially tenuous when working with categorical traits on a liability scale, in
addition to having low reliabilities. Genomic effects for each marker can be estimated and
used to calculate direct genomic values (DGV) for each genotyped animal. The DGV can
be further combined with traditional measurements of merit, including parent average
(PA) and estimated breeding value (EBV), to calculate a breeding value that accounts for
phenotype, pedigree, and genotype information [207].

A single-step method was proposed as an alternative to multi-stage approaches
[47,140, 151]. It is now more commonly referred to as single-step genomic BLUP, but
for comparative purposes to two-stage methods, we will refer to it only as single-step

herein. The single-step procedure replaces pedigree (A) and genomic (G) relationship
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matrices with a blended H matrix [6,47] that combines information from both A and
G. This permits the simultaneous estimation of breeding values and allele substitution
effects while accounting for population structure, and can also account for systematic
effects such as genomic pre-selection bias [170]. Substitution of the relationship matrix
enables this method to be easily expanded to more complex models, such as multivariate
or random regression [141].

One goal when incorporating genomic data is increased reliability. Genetic evaluations
of health traits typically have low reliabilities; thus, these traits may benefit greatly from
incorporation of genomic data. This has been previously demonstrated with producer-
recorded health data on six common health events [169]. High density genomic data may
be able to further improve reliability. Increasing the number of markers may improve
predictions, and in turn improve reliability. Improvement in reliability is a key component
to the success of genomic selection, but it cannot be evaluated in the same population
used to develop the prediction model [185]. To evaluate the performance of genomic
evaluation methods, cross-validation is often performed. A training population is used to
estimate marker effects from animals with both genotypes and phenotypes. Estimated
marker effects are then used in the validation population to evaluate the prediction model
using trait phenotypes. Data are split into groups of training and validation using one of
several methods, such as splitting based on birth year or relationship.

Comparison between performance of two-stage and single-step methodologies is difficult
regardless of the trait. Two-stage methods provide an estimate of DGV, which should
ideally be blended with other sources of information (i.e., pedigree data, parent average)
before calculating a measure of reliability. Numerous approaches to estimate reliability
of two-stage estimates have been utilized (e.g., [94,134,196]). The single-step method

combines genomic data and pedigree data within the analysis. An approximation method
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to estimate reliability of single-step results has been developed [152]. As opposed to
comparing these methodologies which have inherent differences, predictive ability of future
records can be assessed. In order to assess a bull for health traits, predictions based on
EBV may be more informative. Cross-validation of model predictive ability has already
been previously utilized in dairy cattle, including functional traits such as number of
inseminations to conception [88], daughter longevity [41], and mastitis [211].

Methods to extend two-stage methods from univariate to multivariate models are
currently being investigated. Calus and Veerkamp [38] used simulated data to investigate
performance of three marker-based models in multiple-trait analyses. They found that
increased accuracy was obtained, especialy for younger animals with no phenotype,
when using a multiple-trait model compared to a single-trait model. To expand upon
these results, Jia and Jannink [122] investigated three multivariate linear models using
both simulated and real data. Their results indicated that prediction accuracy for low-
heritability traits could be significantly increased by multivariate genomic selection when
a correlated trait with a higher heritability was included. Regardless, there is currently
very little published research implementing multivariate two-stage genomic models with
non-simulated data.

Several studies have analyzed functional and production traits using genomic data
[32,134], though many of these were conducted outside the U.S. Limited research on
genomic evaluation of health traits may be due in part to a lack of documented phenotypes
in the U.S. Producer-recorded health information from U.S. dairies may be able to fill this
gap and provide health-related phenotypes. The objective of this study was to investigate
predictive ability of two-stage and single-step genomic methods applied to health data
collected from on-farm computer systems in the U.S. Implementation of univariate and

bivariate models was investigated using BayesA and single-step methodologies for mastitis
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and somatic cell score (SCS). A BayesA model was chosen as this is the method being
implemented in the U.S. Mastitis was selected from the producer-recorded health data
because of the large impact it has on the dairy industry. Somatic cell score provided a
corresponding trait with higher heritability that is commonly used as an indicator trait

for mastitis.

4.3 Materials and Methods

4.3.1 Data

Producer-recorded health event data from U.S. farms were available from 1998 through
2012. Occurrences of mastitis from first parity cows were selected for analysis. Minimum
and maximum reporting contraints were imposed on the data by herd-year. Lactations
lasting up to 400 days postpartum were included in the analyses. Additional general
editing was applied to the data as described by Parker Gaddis et al. [168]. To ensure
that sires included in analyses could be equally compared across analyses, additional
restrictions were placed on the data. Sires were required to have at least fifteen daughters
with mastitis records. Number of daughter records per sire ranged from 17 to 1,409, with a
median number of daughters per sire equal to 87. Older sires may have had granddaughters
with phenotype records. If this occurred, these records were removed to ensure that all
sires were represented equivalently. All analyses were also performed with datasets without
applying the additional daughter restrictions. This was completed such that performance
in a more typical health dataset (more sires with fewer daughters) could be evaluated.
The data without daughter restrictions applied will be referred to as DAT Ay,;;; data with

daughter restrictions applied will be referred to as DAT Ay, throughout.
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Genomic data from the Illumina BovineSNP50 BeadChip (Illumina Inc., San Diego,
CA) were available for 7,883 sires. Standard filters were previously applied to the marker
data, including removing SNP with minor allele frequencies less than 0.05 and removing
SNP that were in complete linkage disequilibrium with other SNP, resulting in a final
marker set of 37,506. There were 177 genotyped sires that had at least fifteen daughter
records in the final dataset. High-density (HD) genotypes were also available for 1,371
sires. Similar editing procedures were applied to these data, including removing SNP with
minor allele frequencies less than 0.05 and removing SNP that were in complete linkage
disequilibrium. This resulted in a dataset of 281,868 markers for 177 sires with at least

fifteen daughter records. A full summary of these data are included in Table 4.1.

4.3.2 BayesA analyses

Traditional EBV were calculated using THRGIBBS1F90 (version 2.104) [200] fitting the

single-trait threshold model below:

A=XpB+Zyh+Zss+e

where \ represents a vector of unobserved liabilities to mastitis or SCS, [ is a vector of
fixed effects of year-season, X is the corresponding incidence matrix for fixed effects, h
represents the random herd-year effect where h ~ N(0, Io?) with I representing an identity
matrix, s represents the random sire effect where s ~ N(0, Ao2) with A representing
the additive relationship matrix, Zy and Zg represent corresponding incidence matrices
for the appropriate random effect, and e represents the random residual assumed to be
distributed as e ~ N(0,I). Residual variance was fixed at one for identifiability. A probit

link was used to transform event incidence to liability. A total of 100,000 iterations were
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performed with the first 10,000 iterations discarded as burn-in for both full and training
datasets. Every 10" sample was saved to reduce autocorrelation. Post-Gibbs analyses were
completed using POSTGIBBSF90 (version 3.04) [153] including visual inspection of trace
plots and posterior distributions. Convergence was also assessed by calculating Geweke’s
convergence statistic [84] with the coda package [172] in R (version 2.15.1) [176]. Variance
components, standard deviations, and 95% highest posterior densities were calculated
from resulting posterior distributions. Highest posterior densities were calculated with the
coda package [172] in R (version 3.0.2) [175]. Estimated breeding values were calculated by
doubling estimated predicted transmitting abilities (PTA). Sire reliabilities were estimated
using ACCF90 (version 1.67) [153].

Single-trait BayesA analyses were performed using GenSel software (version 4.25R) [76].
Before analysis, EBV of mastitis and SCS were weighted by a function of reliability given
by 1/(1—-EBV reliability) which was scaled to have mean equal to 1 [32]. A single-trait
analysis of mastitis using unweighted EBV was also performed for comparative purposes.
All markers were included as predictors in the model with weighted EBV as the response
variable to predict marker effects. The model for univariate mastitis and SCS analyses is

given below:

k
Yi :N+Zzijuj+€i

j=1
where y; is the weighted EBV for sire 4, i1 is the overall mean, z;; is the genotype of sire
i at marker j, u; is the effect of marker j, and e; represents random error. A chain of
300,000 iterations with the first 50,000 iterations discarded as burn-in was performed for

both full and training datasets. Accuracy of BayesA analyses were calculated following
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Saatchi et al. [185] as shown below:

~ _ OUdEBV,DGV
Pg.g = R
UgUDGV

where p, 4 is the accuracy of DGV, 64ppv,pav is the covariance between dEBV and DGV,
o7 is the additive genetic variance, and 67,y is the DGV variance. Additive genetic
variance was obtained from prior analyses. This calculation of accuracy standardizes the
covariance between dEBV and DGV in order to account for heterogeneous variances
among sires [185]. Reliability was obtained by squaring this estimate of accuracy.

A corresponding bivariate BayesA analysis was performed with mastitis and SCS. We
employed partially modified C code developed by Jia and Jannink [122] to investigate the
performance of two-trait BayesA analyses. The model implemented was similar to that
of single-trait BayesA analyses described previously. Marker effects in bivariate BayesA
analyses were sampled from a multivariate normal distribution following MV N(0,>" )

and the variance, ) , was sampled from an inverted Wishart distribution following

inv — Wis(v, S). Degrees of freedom (v) and scale (S) were fixed.

4.3.3 Single-step analyses

Univariate single-step analyses were performed using preGSf90 (version 1.142) to incor-
porate genomic data through the use of a blended H matrix [7]. A bivariate single-step
analysis was also performed utilizing HD genotype data. The blended H matrix was
incorporated into a threshold sire model using THRGIBBS1F90 (version 2.104) [200]. The
model is given below:

A=XpB+Zyh+Zss+e
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where A represents a vector of unobserved liabilities to mastitis or SCS, ( is a vector of
fixed effects of year-season, X is the corresponding incidence matrix of fixed effects, h
represents the random herd-year effect where h ~ N(0, Io?) with I representing an identity
matrix, s represents the random sire effect where s ~ IN(0, Ho2) with H representing the
blended relationship matrix of pedigree and genomic information, Zj and Zg represent
the corresponding incidence matrices for random effects, and e represents the random
residual, assumed to be distributed as N(0,I). The residual variance was fixed at one for
identifiability. A chain of 300,000 iterations was completed with 30,000 samples discarded
as burn-in. Every 30 samples were saved to reduce autocorrelation. Post-Gibbs analysis
and convergence assessment were completed with POSTGIBBSF90 (version 3.04) [153].
Posterior means, standard deviations, and 95% highest posterior densities were calculated
to obtain estimates of variance components.

A bivariate analysis was also performed using single-step methodology for mastitis
and SCS. The model remained comparable to that described above, with the exception of

expansion to two dependent variables:

Y =Xp+Zyh+Zss+e

where Y represents a vector of liabilities to mastitis as well as phenotypic values of
SCS. All other variables remained the same. The model was fit using THRGIBBS1F90
(version 2.104) [200]. A chain of 500,000 iterations was completed with 50,000 samples
discarded as burn-in. Every 50 samples were saved to reduce autocorrelation in the full
dataset; every 100 samples were saved to reduce autocorrelation in the training dataset.
Post-Gibbs analysis and convergence assessment were completed with POSTGIBBSEF90

(version 3.04) [153]. Posterior means, standard deviations, and 95% highest posterior
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densities were calculated as estimates of variance components.

Reliabilities of solutions from single-step analyses were estimated following Misztal
et al. [152]. Reliabilities estimated from previously described pedigree-based analyses
using ACCF90 (version 1.67) [153] were used as reliabilities calculated without genomic
information. Pedigree-based reliability estimates were converted to effective number of

records for genotyped animals (d;) as:

d; = all/(1 — rel,,) — 1]

where « is the ratio of residual variance to genetic variance calculated from the pedigree-
based analysis and rel,, represents EBV reliability of individual 4 from phenotypic

analysis [152]. The inverse matrix Q was calculated as:

Q=D+ I+G ' —Ay)™

where G™1 is the inverse of the genomic relationship matrix and Ay is the inverse of
the pedigree-based relationship matrix between genotyped animals only [152]. Genomic

reliabilities for each sire were then estimated as:

rely, =1 — aq"”

where rel,, represents approximate genomic reliability and ¢* is the diagonal element of

Q! corresponding to the it sire [152].
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4.3.4 Model comparison

To perform model comparison, the complete dataset was divided into two subsets based
on year of occurence. The training dataset included records from 1999 through 2008.
The validation dataset included records from 2009 through 2012. This resulted in an
approximate 80%-20% split of the data. Editing was applied to the datasets to ensure sires
had sufficient daughter records in order to perform fair comparisons. For inclusion in the
validation dataset, sires were required to have at least 30 daughters with records. Inclusion
in the prediction dataset required sires to have at least 15 daughters with records.
Predictions were performed to compare models. There were 35 sires with records in
both training and validation datasets. We recognize that this is a very limited number of
sires; however, the strict editing was put in place to ensure that equivalent comparisons
could be performed. As previously mentioned, analyses were also performed without
enforcing the strict criteria on number of daughters. This allowed performance to be
compared between the very strictly edited dataset and a more typical dataset. Predictive
ability of each model was assessed using a sum of y2. Average incidence calculated in
validation data were regressed using a logistic link on EBV calculated from training
data using the logistic procedure of SAS (SAS Institute Inc., Cary, NC). This allowed
EBYV from the training data to be transformed into probability of mastitis for each sire.
The probability was then multiplied by the number of observations for each sire in the
validation dataset to calculate expected number of daughters with mastitis. The x? value
was calculated for each sire between expected “success” (daughters without mastitis) and
“failures” (daughters with mastitis) from EBV based on training data and actual observed

number of daughters with and without mastitis in validation data as shown below:

x* = [(expected success — observed success)]? + (expected failures — observed failures)?].
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Calculated y? values were summed across sires, resulting in a single x? sum for each
model. For model comparison, smaller y? values are preferred.

Model fit was evaluated using local weighted regression [48] with EBV estimated from
the full dataset and average incidence per sire in the full dataset. Regression parameters
were calculated with PROC LOESS in SAS (SAS Inst. Inc., Cary, NC). The best smoothing

parameters were selected based on a corrected Akaike’s information criterion (AICC) [120].

4.4 Results and Discussion

Descriptive statistics for the data are included in Table 4.1. Before applying daughter
restrictions, DAT Ay, included 97,310 mastitis records from first parity cows. These cows
were from 10,549 sires and 11,040 maternal grandsires. DAT Ay, included 26,510 mastitis
records from first parity cows. Records were from 177 sires and 4,328 maternal grandsires.
Records included 52 different year-seasons and 2,210 herdyears. Training and validation
datasets were created by splitting each full dataset based on year. Records before 2009
were included in the training data; records 2009 and later were included in the validation
data. This was performed to reflect the true accumulation of data that occurs in the dairy
industry. Mean lactational incidence rate of mastitis in the full DAT Ay, was estimated
equal to 10.5%. Mean lactational incidence rate of mastitis in training and validation
datasets were similarly equal to 10.2% and 13.0%, respectively. Despite the small dataset,
these incidence values are similar to those in DAT Ay, as well as incidences previously
reported in literature [55,110,224].

Posterior means of variance components are included for full and training datasets
for both DAT Ay, and DAT Ay, in Table 4.2 from univariate pedigree-based analyses of

mastitis and SCS. Comparisons between DAT Ay, and DAT Ay, provide very similar
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estimates of variance components. Heritability of liability to mastitis was greater in
DAT Ay in most cases. Heritability estimates calculated as the mean of posterior
distributions were 0.05 (SD = 0.02) in both full and training datasets for liability to
mastitis in DAT Ag,. Highest posterior density 95% intervals for heritability of liability to
mastitis using DAT Ag, were (0.02,0.08) for both full and training datasets. Heritability
estimates of SCS from DAT Ag,., calculated as the mean of resulting posterior distributions
were 0.08 (SD = 0.01) for both full and training datasets. Posterior means of variance
components for full and training datasets from single-step analyses are also included
in Table 4.2. Heritability estimates from single-step analyses for liability to mastitis
were 0.11 (SD = 0.03) and 0.06 (SD = 0.02) in full and training datasets of DAT Ay,
respectively. Heritability estimates from univariate single-step analyses of SCS were 0.18
(SD = 0.03) for both full and training datasets of DAT Ay, respectively. This is higher
than heritability of SCS estimated with DAT Ay,,;;. Highest posterior density 95% intervals
for heritability of liability to mastitis were (0.05,0.18) and (0.02,0.10) for full and training
DAT Ay, respectively. Highest posterior density 95% intervals for heritability of SCS
were (0.13, 0.24) for both full and training DAT Ag,.. Posterior means of residual and
genetic variance from BayesA analyses of mastitis were used to calculate proportion of
variance accounted for by markers. The proportion of variance accounted for by markers in
univariate BayesA analyses of mastitis were 0.156 and 0.121 in full and training datasets
of DAT Ay, respectively. In general, variance component estimates from each dataset
and analysis method were very similar. Heritability estimates calculated with DAT Ay,
were lower than those calculated previously with a larger dataset [169]; however, they
were still within the range of reported values [83,108]. Heritability estimates of SCS were
also similar to other reports found in literature [42, 154, 158].

Table 4.3 includes posterior means of variance components for bivariate analyses of
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full and training data from both DAT Ay, and DAT Agy,. Similar to univariate analyses,
variance components between each dataset are very similar. Pedigree-based and single-step
analyses are included. Heritability estimates caclulated for mastitis in pedigree-based
analyses were similar to univariate models. Highest posterior density 95% intervals from
pedigree-based analysis of liability to mastitis were (0.01, 0.06) for both full and training
DAT Ay, Posterior mean heritability of liability to mastitis was higher in single-step
analyses, equal to 0.08 (SD = 0.03) for both full and training D AT Ay,.. Highest posterior
density 95% intervals for heritability of liability to mastitis were (0.03, 0.14) and (0.03,
0.13) for full and training DAT A, respectively. Posterior mean heritability for SCS was
0.09 (SD = 0.02) and 0.10 (SD = 0.02) in pedigree-based analyses using full or training
DAT Ay, respectively. Posterior mean heritability of SCS was also higher in single-step
analyses, as shown in Table 4.4. Higher heritability in single-step analyses may be a result
of tuning the H matrix by weighting G and A, to aid in convergence. Proportion of
variance accounted for by markers in bivariate BayesA analyses of mastitis with SCS were
0.134 and 0.118 in full and training DAT Ag,., respectively.

Bivariate analyses allowed estimation of correlations. Genetic correlation between
liability to mastitis and SCS was 0.63 (SD = 0.17) in pedigree-based analyses using the
full DAT Ay, and 0.77 (SD = 0.19) using training DAT Ag,. Genetic correlation between
liability to mastitis and SCS in single-step analysis was very similar, equal to 0.67 (SD =
0.16) in the full DAT Ay, and 0.71 (SD = 0.16) in the training DAT Ay,.. Correlation
estimates are similar to a prior estimate of 0.62 (SD = 0.03) [107]. Bivariate analyses were
also performed using HD genotype data. All estimates of variance components were similar
to those obtained with the 50K genotype data. Because similar results were obtained,
further analyses utilized 50K genotype data only.

Changes in reliability were investigated for D AT Ag,-. Reliability for univariate pedigree-
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based analysis of mastitis ranged from 0.01 up to 0.90. Average reliability for the selected
sires was 0.16. Reliability for bivariate pedigree-based analysis of mastitis and SCS ranged
from 0.16 to 0.90, with average reliability equal to 0.54 for mastitis. This increase in
reliability was expected from the incorporation of SCS as a related trait with higher
heritability. The largest increase in reliability occurred with the incorporation of genomic
data. Approximated mean reliability of mastitis was 0.68 and 0.80 in univariate and
bivariate single-step analyses, respectively. A similar increase occurred for SCS, as shown
in Figure 4.1. Changes in reliability were also explored using HD genotype data and are
included in Figure 4.2. Average reliability of mastitis was 0.81 in bivariate single-step
analyses (Figure 4.2).

Although not comparable, a measure of reliability was also estimated for BayesA
analyses. Reliability of mastitis in univariate BayesA analysis was 0.22 in DAT Ay, and
0.23 in DAT Ayyy. In the bivariate BayesA analysis, reliability increased to 0.37. It must
be acknowledged, however, that the above reliability were calculated without incorporation
of additional data sources, such as parental average or progeny data. It is expected that

reliability will improve upon “blending” the DGV to obtain GEBV.

4.4.1 Model Comparison

Predictive ability

Predictive ability of each model was assessed through sum of x? values and proportion of
wrong predictions for mastitis incidence, provided smaller values have better predictive
ability. Values for each model are included in Table 4.4, with DAT Ay,,; in the top portion
and DAT Ay, in the bottom portion of the table. Prediction of mastitis incidence was

estimated for 35 sires having at least 30 daughter records in the training data and at
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least 15 daughter records in the validation data. Each model’s x? value is included in
Table 4.4. Single-step analysis had the smallest sum of x? value, indicating best predictive
ability. This was followed by pedigree analysis and BayesA analysis, respectively. This
was also observed for DAT Ay,;;. BayesA analysis without weighting sire EBV had the
worst predictive ability. Thus, it was not included in further analyses. All models had

very small values for proportion of wrong predictions, ranging from 0.009 to 0.033.

Model fit

Goodness of fit for each model was evaluated by fitting a local weighted regression (LOESS)
model between EBV evaluated from the full dataset and mean incidence calculated for
each sire in the full dataset. The best smoothing parameter was selected using a corrected
AIC criteria (AICC) [120]. Preferred AICC is considered to be smaller values, which were
found for single-step and pedigree-based models, as shown in Table 4.4. Table 4.5 includes
cross-validation summary statistics for each bivariate model. Again, single-step had the
best model fit with genomic data, as it had the smallest AICC value. However, it also
had the largest x? value. Correspondingly, the bivariate BayesA model had the fewest
proportion of wrong predictions. In general, all of the single-trait models had comparable

fits.

When selecting a genomic evaluation method, there are many aspects to consider. Low
heritability traits will need a larger number of records to reach reliabilities equivalent
to those found for more heritable traits [101]. We acknowledge that the strict editing
parameters used herein do not reflect the true structure of the data. This was performed,
however, in an effort to obtain a very “clean” dataset that would allow prediction with

as little bias as possible. Completion of analyses with the data without strict editing
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confirmed that results were comparable. As more records are collected, it is also important
that those records be consistent [87]. Consistent recording of health data is more difficult
than other traits due to subjectivity of diagnosis and reporting. The size of training
populations used to estimate genetic effects in two stage methods will also increase with
the collection of more data. Accumulation of more health records over time, as well as
additional genotypes, is expected to improve genomic prediction regardless of the method
being employed. This will allow more rapid genetic improvement to be made in lowly
heritable yet economically important traits.

Irrespective of the type of data, all genomic methodologies have benefits and dis-
advantages that must be considered prior to implementation. Bayesian approaches can
incorporate prior knowledge about marker variances in the analysis [149], as well as deter-
mine which markers could be removed to decrease excess noise. Multi-step methods follow
similar procedures to those already implemented for genetic evaluations and only minor
modifications are needed to predict genomic values for young genotyped animals [151].
They also tend to be more computationally tractable as datasets grow larger [38], but
require multiple steps to be performed prior to incorporation of genomic data. Deregression
may need to be performed initially, which may produce spurious results, especially for low
heritability traits and for individuals with low reliability estimates [94,140]. Resulting
DGV from multi-stage analyses need to be blended with additional data if GEBV are
desired.

Advantages of single-step methodology, aside from only requiring one step, include
that traditional BLUP methodology can be used with only modification to the relationship
matrix. This makes the single-step method easy to implement for complex data and models
such as multivariate, threshold, and random regression models [6]. A disadvantage of the

single-step method is that it can be more computationally expensive due to having to form
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the H™! matrix, though further methods have been developed to more efficiently compute
this matrix [6]. Reliabilities of prediction also have to be approximated because direct
matrix inversion is infeasible for large datasets. This will become especially important as
the number of genotyped animals increases [152].

A straight-forward approach to extend multi-stage methods to multivariate models is
lacking and requires further research. Performance of multivariate models will depend on
genetic architecture of traits and this must be considered [122]. Currently, the single-step
method can be more readily applied to multiple traits, especially for traits with low

heritability and reliability.

4.5 Conclusions

Genomic data improves our ability to predict animal breeding values. Performance of
specific genomic methods when implemented with real data will depend on a multitude
of factors. The heritability of traits and reliability of genotyped individuals will have
an impact on the effectiveness of genomic evaluation methods. Differences between
methodologies were likely the result of many factors including low heritability, use of
a threshold sire model, and small training population size. Single-step models had the
best predictive ability; BayesA models had the smallest proportion of wrong predictions.
Given the current characteristics of producer-recorded health data, the single-step method
provided several advantages compared to two-stage methods. As more health records are

collected, the two methods are expected to perform more similarly.
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4.7 Tables

Table 4.1:
without daughter restrictions enforced.

Descriptive statistics for full, training, and validation datasets with and

Data without strict editing enforced

Full Data Training Validation

Data Data
Years included 1999 - 2012 1999 - 2008 2009 - 2012
Number of cows 97310 79147 18163
Number of mastitis incidences 10442 8391 2051
Number of sires 10549 8410 3269
Number of maternal grandsires 11040 8938 3636
Average number of daughters per sire 9 9 6
Average mastitis incidence 0.107 0.106 0.113
Average mastitis incidence per sire 0.104 0.104 0.113

Data with strict editing enforced
Full Data Training Validation

Data Data
Years included 1999 - 2012 1999 - 2008 2009 - 2012
Number of cows 26510 23753 2757
Number of mastitis incidences 2771 2422 349
Number of sires 177 153 59
Number of maternal grandsires 4328 3823 909
Median number of daughters per sire 87 91 37
Average mastitis incidence 0.105 0.102 0.130
Average mastitis incidence per sire 0.106 0.100 0.140
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Table 4.2: Single-trait model variance component estimates (standard deviation) for full and training datasets from
pedigree-based and single-step analyses for mastitis and somatic cell score.

Mastitis
Data without strict editing Data with strict editing

Pedigree-based analysis Single-step analysis Pedigree-based analysis Single-step analysis
Full data Training data Full data Training data Full data Training data Full data Training data

o2 0.02 (0.004) 0.03 (0.004) 0.04 (0.006) 0.05 (0.007) 0.02 (0.006) 0.02 (0.006) 0.04 (0.01) 0.02 (0.008)
os 0.49 (0.03) 0.46 (0.03) 0.49 (0.02) 0.46 (0.03) 0.43 (0.03) 0.41 (0.04) 0.43 (0.03) 0.41 (0.04)
o? 1.0 (0.006) 1.0 (0.007) 1.0 (0.006) 1.0 (0.007) 1.0 (0.01) 1.0 (0.01) 1.0 (0.01) 1.0 (0.01)
h? 0.10 (0.01) 0.12 (0.01) 0.10 (0.02) 0.12 (0.02) 0.05 (0.02) 0.05 (0.02) 0.11 (0.03) 0.06 (0.02)
Somatic Cell Score
Pedigree-based analysis Single-step analysis Pedigree-based analysis Single-step analysis

Full data Training data Full data Training data Full data Training data Full data Training data
o2 0.04 (0.004) 0.04 (0.004) 0.07 (0.006) 0.07 (0.006) 0.05 (0.008) 0.05 (0.008) 0.10 (0.02) 0.10 (0.02)
o} 0.53 (0.02) 0.53 (0.02) 0.53 (0.02) 0.52 (0.02) 0.52 (0.02) 0.50 (0.03) 0.52 (0.02) 0.50 (0.03)
o2 1.64 (0.008) 1.64 (0.008) 1.63 (0.008) 1.60 (0.008) 1.62 (0.01) 1.62 (0.02) 1.62 (0.01) 1.62 (0.02)
h? 0.08 (0.01) 0.08 (0.01) 0.13 (0.01) 0.13 (0.01) 0.08 (0.01) 0.08 (0.01) 0.18 (0.03) 0.18 (0.03)

115



Table 4.3: Bivariate model genetic variance component estimates for full and training datasets from pedigree-based and
single-step analyses of mastitis and somatic cell score.

Mastitis
Data without strict editing Data with strict editing

Pedigree-based analysis Single-step analysis Pedigree-based analysis Single-step analysis
Full data Training data Full data Training data Full data Training data Full data Training data

a2 0.02 (0.003) 0.02 (0.004) 0.03 (0.01) 0.04 (0.01) 0.01 (0.005) 0.01 (0.005) 0.03 (0.01) 0.03 (0.01)
o7 0.49 (0.02) 0.46 (0.03) 0.43 (0.03) 0.46 (0.03) 0.43 (0.03) 0.41 (0.04) 0.43 (0.03) 0.41 (0.04)
o2 1.0 (0.01) 1.0 (0.01) 1.0 (0.01) 1.0 (0.01) 1.0 (0.01) 1.0 (0.01) 1.0 (0.01) 1.0 (0.01)
h? 0.05 (0.01) 0.06 (0.01) 0.09 (0.02) 0.10 (0.02) 0.04 (0.01) 0.05 (0.01) 0.08 (0.03) 0.08 (0.03)
Somatic Cell Score
Pedigree-based analysis Single-step analysis Pedigree-based analysis Single-step analysis
Full data Training data Full data Training data Full data Training data Full data Training data
o2 0.04 (0.004) 0.05 (0.004) 0.11(0.02) 0.07 (0.01) 0.05 (0.01) 0.05 (0.009) 0.11(0.02) 0.11 (0.02)
o} 0.34 (0.01) 0.33 (0.01) 0.34 (0.02) 0.33 (0.01) 0.34 (0.02) 0.33 (0.02) 0.34 (0.02) 0.33 (0.02)
o2 1.67 (0.01) 1.63 (0.009) 1.66 (0.02) 1.63 (0.01) 1.66 (0.02) 1.65 (0.02) 1.66 (0.02) 1.65 (0.02)
h? 0.09 (0.01) 0.09 (0.009) 0.14 (0.01) 0.14 (0.01) 0.09 (0.02) 0.10 (0.02) 0.20 (0.03) 0.20 (0.03)
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Table 4.4: Cross-validation summary statistics for each single-trait model for mastitis.

Data without strict editing
AICC! ST WP

Pedigree-based -2.20 963462  0.109
BayesA -2.13 966992  0.110
Single-step -2.18 963280  0.111

Data with strict editing
AICC ST WP

Pedigree-based -5.05 1846303  0.017
BayesA (non-weighted) — -4.82 1934351  0.009
BayesA (weighted) -4.73 1839123  0.019
Single-step -5.03 1787162  0.033

1 Corrected AIC (AICC) estimated via local weighted regression of average mastitis incidence per sire on

EBYV of sire for each model fit with the full dataset.
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Table 4.5: Cross-validation summary statistics for each bivariate model for mastitis and
somatic cell score.

AICCH S x? WP

Pedigree-based -4.77 1795125  0.02
Single-step -4.76 1803782  0.02
Bivariate BayesA  -4.55 1947319  0.008

1 Corrected AIC (AICC) estimated via local weighted regression of average mastitis incidence per sire on
EBYV of sire for each model fit with the full dataset.
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Figure 4.1: Sire reliability of pedigree-based and single-step univariate and bivariate
analyses of mastitis (MAST) and somatic cell score (SCS).
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Figure 4.2: Sire reliability from pedigree-based and single-step bivariate analysis of
mastitis (MAST) and somatic cell score (SCS) using HD genotypes.
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CHAPTER

FIVE

BENCHMARKING DAIRY HERD HEALTH STATUS USING

ROUTINELY-RECORDED HERD SUMMARY DATA

5.1 Abstract

Genetic improvement of dairy cattle health through the use of producer-recorded data has
been determined to be possible. Low estimated heritabilities indicate that progress will be
slow. Variance observed in lowly heritable traits can largely be attributed to non-genetic
factors, such as the environment. More rapid improvement of dairy cattle health may
be attainable if herd health programs incorporate environmental aspects. Over 1,000
herd characteristics are regularly recorded on farm test days. These data were combined
with producer-recorded health event data to fit parametric and nonparametric models
to benchmark herd health status. Health events were grouped into three categories for
analyses: mastitis, reproductive, and metabolic. Herd incidence was calculated for each
category based on individual cow records and converted to a binary indicator of either

low or high incidence. Models implemented included stepwise logistic regression, support
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vector machines, and random forest. Two different methods were used to divide the data
into training and prediction sets: division based on year and random division for ten-fold
cross-validation. Stepwise regression models had the poorest predictive performance with
accuracy ranging from 0.42 for reproductive events up to 0.46 for metabolic events when
splitting data based on year. Highest accuracy was estimated for nonparametric models
support vector machines and random forest models for all health event categories ranging
from 0.65 up to 0.69, depending on health event and model. Highly significant variables
and key words from logistic regression and random forest models were also investigated.
It was concluded that nonparametric models are better suited to handle complex data
with numerous variables. These data mining techniques were able to perform prediction

of herd health status and can add evidence to personal experience in herd management.

5.2 Introduction

To fully understand complex diseases, it is important to understand relationships between
genotype, environment, and phenotype. Increased production of dairy cattle has resulted
in a subsequent decline in health and fertility traits [180]. Concurrently, concern over
animal welfare and use of antibiotics has steadily increased [157]. Genetic improvement of
dairy cattle health has been determined to be feasible utilizing producer-recorded data
by several studies [110,222]. Low estimated heritabilities indicate that progress will be
slow. Variance observed in lowly heritable traits can largely be attributed to non-genetic
or environmental factors. In typical genetic evaluations, adjusting for environmental
effects is accomplished by considering them as fixed effects. This disregards effects of
management and environmental conditions on genetic expression [221]. It also ignores any

associations that exist between genetic and environmental effects. In addition, conclusions
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from previous studies have indicated that genetic correlations, such as between fertility
and milk production, will depend upon herd environment [220]. The question then arises as
to whether more rapid improvement can be achieved if herd health programs incorporate
environmental aspects.

Previous studies have investigated the impact of environmental characteristics on dairy
cattle health. An early study was able to establish five farm health profiles according to
the incidence levels of health disorders and farm structure data [74]. Health disorders
included infectious diseases of the foot, uterus, and teat and calving disorders; farm
structure was represented as traditional, intensive, or intermediate. Data was collected
throughout 1979 from 83 dairy farms in France, including 25 specific health events in
addition to herd management variables. Hierarchical classification was used to group the
farms into similar classes and confirmed that there was a relationship between farm type
and herd health profile [74]. Path analysis and multiple logistic regression was utilized to
evaluate interrelationships between herd management practices and postpartum health
disorders on 32 farms located in New York state [54]. Disorders included dystocia, retained
placenta, metritis, cystic ovary, milk fever, ketosis, left displaced abomasum, and mastitis.
Management characteristics were collected through a questionnaire provided to the person
primarily responsible for the care of the herd. A two-stage analysis was performed in order
to identify management factors and develop a path model of interrelationships between
herd management and herd incidence rate [54].

More recent studies have been conducted incorporating herd characteristics in relation-
ship to reproductive efficiency [143,187], production [189,220,221], and health [89,194,198].
Many of these studies have utilized surveys or questionnaires in order to assess herd
characteristics [54, 114, 186], which can limit the amount of data that can be feasibly

collected. Data collected from a designed study may not always reflect common manage-
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ment practices, thus limiting applicability [52]. Data can also be limited by the chosen
analysis method. The majority of past research has utilized parametric statistical models
to analyze herd characteristics (e.g., [143,194,198]), which can suffer from problems with
multiple testing and colinearities with large numbers of variables [186]. Alternatively,
non-parametric methodologies have recently been investigated, such as principal compo-
nent analysis [220] and regression-based decision trees [187] to better handle numerous
variables.

Farm staff or Dairy Herd Improvement technicians report numerous herd characteristics
regularly on farm test days. These reports include data on herd production, reproduction,
genetics, udder health, and feed costs [1]. Additional environmental data can be accessed
through online databases such as the National Climatic Data Center, the United States
Census Bureau, and the United States Geographical Survey. Availability of numerous
variables from field data presents an analysis challenge. Although the majority of prior
research has been conducted with parametric statistical methods (e.g., [186,220,221]), a
more flexible approach when analyzing large numbers of variables utilizes data mining
techniques [40]. Data mining allows patterns to be explored and is increasingly employed
as a result of the explosion of data availability in many fields [197]. The objective of this
study was to utilize parametric and non-parametric methods to explore benchmarking
and prediction of herd health status from routinely collected herd summary data. These

data could then supplement prior knowledge and experience to improve herd health.

123



5.3 Materials and Methods

5.3.1 Data

The Dairy Herd Improvement (DHI) - 202 Herd Summary provides a “comprehensive
herd analysis and management report including production, reproduction, genetics, udder
health, and feed cost information” [1]. Data are collected by farm staff or DHI technicians
and compiled each test day. In the current work, data were available from 2000 through
2011 from Dairy Records Management Systems (Raleigh, NC). Four months of collected
records were included for each year in order to encompass changing characteristics that
may occur throughout the year: March, June, September, and December. Each herd
summary initially contained over 1,100 variables. Number of contributing herds varied
from 647 to 1,418, depending on year and month of reporting.

Supplementary data were acquired from publicly available databases. Very few stud-
ies to the authors’ knowledge have incorporated external variables such as weather or
population density. The National Oceanic and Atmospheric Administration (NOAA)
National Climatic Data Center (NCDC) provides information regarding temperatures,
precipitation, degree-days, and drought indices from 1985 to 2011 [155]. Monthly sum-
maries were obtained from NCDC Quality Controlled Local Climatological Data from
land-based datasets for each month and year of available herd summary data. The NCDC
provides geographic coordinates for each land-based station. Geographic coordinates were
approximated for each herd based on zip code using the R [199] package “zipcode” [29].
Weather data from the weather station located closest to each herd was merged with
herd characteristic data. The land-based weather station located nearest to each herd
was determined utilizing the “geosphere” package [113] and based on distance between

geographic coordinates.
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Estimation of humn population density were obtained on a county-basis from the
United States Census Bureau website. Intercensal estimates from 2000 through 2010 were
produced by updating the Census 2000 counts with estimates for components of population
change. Components of population change include factors such as births to U.S. women,
deaths of U.S. residents, and migration. Estimated population change is reconciled with
counts from the 2010 Census to produce a consistent time series of population estimates
from 2000 to 2010 [202]. Census data were combined with herd characteristic data based
on reported county of herd.

Voluntary producer-recorded health event data were available from Dairy Records
Management Systems (Raleigh, NC) from U.S. farms from 2000 through 2012. These
data were matched to available production data. Both health and production datasets
were edited following general editing procedures described in Parker Gaddis et al. [168].
Strict editing constraints were not imposed here, however, in an effort to preserve the
available data structure as much as possible. Health events included for analyses were
hypocalcemia, cystic ovaries, digestive problems, displaced abomasum, ketosis, mastitis,
metritis, and retained placenta. The goal was not to investigate particular health events,
but instead to identify influential variables for general health classes. Thus, health events
were grouped into three main categories: mastitis, metabolic (hypocalcemia, digestive
problems, displaced abomasum, ketosis), and reproductive (cystic ovaries, metritis, and
retained placenta) and used for analyses. For a herdyear to be considered as reporting
a health event, the herdyear had to report at least one incidence. Cows with at least
one occurrence of a health event were coded as “1” for the respective event, and “0”
otherwise. Health events were combined with herd characteristics based on date of health
event occurrence. Date of each health event was rounded to the nearest month using the

R [199] package “lubridate” [92]. Events occurring in January, February, or March were
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merged with herd characteristic summaries from March; events occurring in April, May,
or June were merged with herd characteristic summaries from June; events occurring
in July, August, or September were merged with herd characteristic summaries from
September; and events occurring in October, November, or December were merged with

herd characteristic summaries from December.

5.3.2 Data pre-processing

A correlation analysis was performed as an initial step to reduce dimensionality of
the dataset. This was applied to each section of the DHI-202 Herd Summary, as well
as the weather data, using the package “caret” [135] in R [199]. Sections of the DHI-
202 Herd Summary included production, income, and feed cost summary; reproductive
summary of current breeding herd; reproductive summary of total herd; birth summary;
yearly reproductive summary; miscellaneous herd information; stage of lactation profile;
identification and genetic summary; production by lactation summary; current somatic
cell count summary; dry cow profile; yearly summary of cows that entered or left herd; and
yearly production and mastitis summary. Briefly, a function was employed to determine
highly correlated variables by searching the correlation matrix. Variables were removed
such that absolute values of pair-wise correlations were below 0.90. Additional variable
editing was performed to ensure that no variables were linear combinations. The “caret”
package [135] of R [199] was utilized for this, which employs QR decomposition of the
matrix to determine sets of linear combinations. Fifteen variables were removed in order
to eliminate any linear combinations within the dataset. Also, any variables with near
zero variance were removed from the data. The above editing reduced the size of the final

dataset to 3,693,778 records on 829 variables. Summary statistics for each health event
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are included in Table 5.1.

Missing records also needed to be handled before training and prediction could be
performed. Distribution of missing records within each variable was examined in order
to estimate a reasonable threshold of missing data beyond which a variable would be
excluded. Based on this, variables missing more than 50% (n = 70) were removed from the
dataset. Remaining missing records were imputed using an iterative principal component
analysis (PCA) algorithm [121]. Briefly, missing values were initialized with the mean of
each variable, respectively. A PCA was then performed on this dataset iteratively until
convergence was reached. Once a complete dataset was created, lactational incidence rate
was calculated for each health event category by herdyear as number of affected lactations

per lactations at risk:

LAC,
LAC,

LIR =

where LACy indicated number of first occurrences of a specific health event in a lactation
and LAC; indicated number of lactations at risk [128]. Lactational incidence rate was

used as the dependent variable in analyses performed at herd-level.

5.3.3 Analyses

Realistically, the objective is not to estimate herd disease incidence precisely. Conversely,
it may be more informative to predict whether a herd has incidence below or above
average, and which variables impact incidence. To evaluate each model’s ability to classify
herds in this way, herd incidence was converted to a binary indicator. Herds with event
incidence below median incidence of all herds were classified as having “low” incidence.

Herds with event incidence above median incidence of all herds were classified as having

127



“high” incidence. Initial analyses fit a traditional model for each event category using
forward and reverse stepwise logistic regression. The “step” function of R [199] was used
to test all variables and determine the best final model based on Akaike information
criterion (AIC). A final logistic model was fit with all terms selected during the stepwise
procedure.

Although logistic models are often favored for their simplicity, they do have disadvan-
tages. Logistic regression models are a form of linear model which assume that model
residuals follow a normal distribution. This may not always be a valid assumption. They
also have difficulty when multicollinearities exist. Because of these disadvantages, several
nonparametric algorithms were explored prior to fitting final models. Support vector
machines (SVM) were selected as a nonlinear classification algorithm. Support vector
machines were developed from the foundations of robust regression [136]. In general,
an SVM model maps response variables to a higher-dimensional space that contains
a “maximal separating hyperplane.” The response variable should separate across this
hyperplane into correct classifications [197]. Several machine learning algorithms were
explored prior to full analysis. Tree models are one of the most widely implemented data
mining technique [197]. The inherent structure of these models lends them to be easily
interpreted. Tree models also implicitly perform feature selection, making them ideal for
data with many variables [136]. One such algorithm is random forest, which was utilized
as a machine learning algorithm herein.

The “caret” package [135] was utilized to fit both parametric and nonparametric
models. In order to evaluate predictive ability, data were split based on year of occurrence
into training and validation groups. This was done so as to simulate data accumulation that
occurs in the dairy industry. Training data consisted of records through 2009; validation

data consisted of records from 2010 or later. This split resulted in approximately 75% of
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data being utilized for training and 25% of data used for validation. True ten-fold cross-
validation was also performed in order to have a more statistically sound evaluation for
comparative purposes. When necessary, training data were first used to determine optimal
model parameters. A ten-fold cross-validation scheme was performed three independent
times to select optimized tuning parameters. These tuning parameters where then utilized
to fit each model to training data. Each model fit with training data was then implemented
with validation data. Measures of predictive ability included accuracy, sensitivity, and
specificity. Accuracy was calculated as sum of true positives and true negatives divided
by the sum of positive and negative incidences. Sensitivity, or true positive rate, was
calculated as number of positive incidences correctly identified divided by total number of
positive incidences. Specificity, or true negative rate, was calculated as number of negative
incidences correctly identified divided by total number of negative incidences [73]. Receiver
operating characteristic (ROC) curves [8] were also produced for each health event. This
depicts the relationship between true positive rate and false negative rate. A diagonal
line indicates performance if records were randomly classified as positive or negative
incidences [73]. Area under the ROC curve (AUC) was also calculated as a summary
statistic of model predictive ability. An AUC value is a measure of performance related
to the ROC curve. Statistically, it is the probability that a model will assign a higher
score to a randomly selected positive incidence than to a randomly selected negative

incidence [73]. This is also equivalent to a Wilcoxon test of ranks [96]

5.4 Results and Discussion

Summary statistics for each individual health event are included in Table 5.1. Data

encompassed years 2000 through 2011 and included Ayrshire, Brown Swiss, Guernsey,
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Holstein, Jersey, Montbeliarde, and crossbred herds. Number of states reporting data
ranged from 35 up to 45, depending on health event. Most common herd size fell in a range
of 100 to 299 cows; however, data included herds with less than 50 cows up to herds with
over 1,000 cows. A total of 2,403 herd-years reported mastitis incidences. These data were
split into training (1,983 herd-years) and prediction (420 herd-years) datasets. Overall,
median incidence of mastitis was 24%. Hypocalcemia, digestive problems, displaced
abomasum, and ketosis were grouped into a metabolic category. There were 2,290 herd-
years reporting metabolic health events with a median incidence rate equal to 8%. When
split into training a prediction, there were 1,905 and 385 herd-year records, respectively.
Lastly, the reproductive category included incidences of cystic ovaries, metritis, and
retained placenta, with a total of 3,191 herd-years reporting. Reproductive events had a
median incidence rate equal to 18%. Split into training and prediction datasets resulted

in 2,731 herd-years in training and 460 herd-years in prediction.

Logistic regression

Stepwise logistic regression was used to identify significant variables to be included in a
final logistic model for each category. Number of variables selected to include in each model
differed depending on health category. Number of variables selected for each category was
82, 111, and 145, for mastitis, reproductive, and metabolic events, respectively. This is
largely reduced from the initial number of variables. In general, the variables had lengthy,
descriptive names. In order to better discern important factors identified by the models,
key words from significant variables were combined in a “word cloud” or weighted list [75].
Size of each key word in Figure 5.1 corresponds to the number of times that word was
present in significant variables. Key words identified most often for mastitis included

SCS, first parity cows, days in milk, and herd turnover. Herd turnover reflects all cows
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leaving the herd - not necessarily cows leaving the herd due to illness. Key words identified
most often for metabolic events included herd turnover and milk production. Lastly, key
words identified most often for reproductive events included SCS, herd turnover, and days
open. Although there is overlap in variables selected for each category, such as animals
leaving the herd, some key words were identified that were intuitively expected (e.g., SCS
and mastitis). Selected variables identify factors that have a significant impact upon the
dependent variable (mastitis, reproductive, or metabolic events).

Overall, logistic regression had the poorest accuracy. Accuracy of prediction when
data were split by year of occurrence is included in Table 5.2. These results were expected
as logistic regression had the least flexibility of the models utilized. Because accuracy is
reflecting a combination of prediction measures, sensitivity and specificity measures may
be more informative. In all scenarios of training and prediction, logistic regression had
higher sensitivity compared to specificity. This indicates that logistic regression models
were better able to identify high incidence herds versus low incidence herds. Best model
performance among logistic regression was for metabolic events; worst model performance
was found for reproductive events. Stepwise regression of metabolic events had the highest
specificity compared to SVM and random forest models. Logistic regression allowed
for significant variables to be identified for each health event category. Producers and
consultants could use these variables to more clearly focus on those impacting the event

of interest.

Support vector machine

Support vector machine models improved predictive performance over logistic regression,
as was speculated. Accuracy of prediction in validation data when splitting data based

on year of occurrence was 0.49, 0.48, and 0.49 for mastitis, reproductive, and metabolic
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events, respectively. Evaluation of true positive and negative rate reveals that SVM models
had higher sensitivity, ranging from 0.73 for metabolic events up to 0.81 for mastitis
in the prediction dataset. This indicates that the models were able to correctly classify
herds with high incidence of health events. Lower results for specificity, ranging from
0.32 for reproductive events to 0.39 for metabolic events in the prediction data, indicate
that the models were less capable of identifying herds with low event incidence. Given
the scenario of identifying high-risk herds, this model performance may not necessarily
be disadvantageous. The model may falsely identify herds as high-risk for incidences of
a particular health event. Heightened monitoring of a herd that was falsely identified
as high-risk will not be detrimental to herd health. Conversely, decreased monitoring of
herds falsely identified as low-risk could result in increased incidences.

True cross validation performance was also evaluated for each SVM model. Ten-fold
cross validation was performed three independent times and averaged across folds and
repetitions in order to compare to when the data was split based on year. Accuracy and
standard deviation for each health event category when performing true cross-validation
is included in Table 5.3. Accuracy of prediction improved for all health categories by using
true cross-validation. This may be the result of using more data for training (approximately
90%) and repeating the prediction multiple times. Receiver operating characteristic (ROC)
curves were also produced are shown in Figures 5.2, 5.3, and 5.4 for mastitis, metabolic,
and reproductive events, respectively. Values of AUC are included in each figure and

ranged from 0.62 for metabolic events to 0.67 for reproductive events.

Random forest

Lastly, random forest models were fit to data from each health category to evaluate

prediction of a nonparametric tree-based method. For each event category, an optimal
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number of trees was determined before fitting a final model. Optimal number of trees
was equal to 500 for all categories when tested across a range of values. Performance of
random forest models within training datasets were best out of all three models tested;
however, 100% accuracy, sensitivity, and specificity signify that the models may be grossly
overfit to the training data.

Upon prediction with testing datasets, it was apparent that this was indeed the
case. Accuracy among test datasets ranged from 0.42 for reproductive events up to 0.49
for mastitis. Overall accuracy in prediction decreased compared to SVM models. Both
metabolic and reproductive events, however, had improvement in sensitivity. Specificity
of the random forest model for mastitis increased compared to the SVM model.

True ten-fold cross-validation was also performed for each random forest model.
Accuracy averaged across each fold and repetition, along with standard deviation is
provided in Table 5.3. Similar to the SVM models, accuracy of predictive performance
improved for all health categories by using true cross-validation. Receiver operating
characteristic curves for these data were created by averaging across results of the ten
folds from cross validation (Figures 5.5, 5.6, and 5.7). Average area under the curve was
0.69, 0.65, and 0.69 for mastitis, metabolic, and reproductive events, respectively. Because
these models had better predictive ability, they were used to further examine the random
forest models.

An alternative performance measurement used for classification trees is the Gini
index [31]. As opposed to focusing on accuracy of prediction, the Gini index provides a
measure of node purity [135]. Random forest models can provide a measure of variable
importance by change produced in the Gini index. A variable that results in a high
decrease in Gini index plays a larger role in partitioning the data. The top 25 variables

with greatest mean decrease in Gini index were identified from each random forest model.
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Word clouds were constructed with key words from these variables for each health event
category in the same manner as the stepwise regression models. These are shown in Figure
5.8.

Across all health event categories, environmental characteristics such as temperature
and weather were identified. Influence of heat stress on reproductive performance has been
identified previously by several authors [40,181,219]. Additional key words identified in
the random forest model for mastitis included protein, mastitis, leaving the herd, and cows
in parity three or greater. Key words identified in the random forest model for metabolic
events included death of cows, second parity cows, and number of cows. Number of cows
within a herd has been previously identified as a significant risk factor in the incidence of
metabolic events including ketosis and displaced abomasum [194]. This may be indicative
of an underlying risk factor, such as less time spent per cow in larger herds [5]. Higher
parity has also been identified as a risk factor for metabolic diseases by other authors [179].
The random forest model for reproductive health events identified PTA and first parity
cows most often. It should be noted that the key word “PTA” reflected several variables
including net merit of service sires and average net merit of cows; it does not reflect PTA
for a particular trait. First parity cows may be identified more often with reproductive
events compared to later parity cows because they have been culled for poor reproductive
performance. Reproductive problems are a well-known reason as to why cows are removed
from the herd [58].

Similarly to significant variables identified by the stepwise logistic model, variables
identified as important in the random forest model indicate those that are influential
in herd incidence of each respective health event category. Environmental conditions
were identified for all health event categories. Although environmental conditions such

as temperature and weather cannot be controlled, measures can be taken by producers
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to minimize the impact of these factors. For example, a variety of methods have been
identified to reduce the effects of heat stress [35]. Several key factors were identified by
both logistic regression models and random forest models. This lends further support to
the importance of these factors for their respective health event. Both mastitis models
identified leaving the herd and cows in third parity or later as key factors. Common factors
for metabolic events included leaving the herd and number of cows. Both reproductive
models identified PTA and days open as having an impact on incidence of reproductive

health events.

5.5 Conclusions

Herd summary data is recorded regularly and provides a wealth of information on the
current status of the herd as a whole, in addition to other environmental characteristics.
Nonparametric modeling techniques allowed numerous variables to be handled more
appropriately than more traditional methods. Predictive ability of SVM and random
forest models had similar performance, with accuracy ranging from 0.65 up to 0.69,
depending upon health event category and model. Random forest models are also capable
of identifying highly influential variables. This information can be used to supplement
personal experience in order to better benchmark herd health status.

Additional research with these models may allow further relationships to be investigated.
Analyses at the cow level could identify changes in herd characteristics that impact the
likelihood of a cow experiencing an incidence of a health event. It could then be used
to predict cows at high-risk for experiencing a particular health event given current
characteristics of the herd. Analyses within a herd could distinguish herd variables having

the most impact on changes in incidence occurring over time. For example, identification
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of herd factors influencing an increase or decrease in incidence over time may aid producers
in determining management criteria that may be detrimental or beneficial to herd health
status. Combined together, results from these analyses will provide a clearer picture of
the impacts of herd characteristics on herd health status.

This study also demonstrated benefit from incorporating variables external to those
collected on-farm. In this era of data collection, a wealth of information is publicly available
that can be exploited to better understand complex characteristics. This transcends
investigating health data and can be applied to many other production scenarios, such as
breeding or nutrition. Innumerable variables may be identified that have an impact on
sectors of dairy production that were not included in this study (e.g., elevation data, human
demographics, etc.). Continued research in this area will aid in identifying important

external variables and allow incorporation into future analyses.
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5.7 Tables

Table 5.1: Summary statistics for each individual health event including total number of
herds reporting, median lactational incidence rate (LIR), total number of states reporting,
and median population size for each herd location

Health event Herds Median LIR ~ States  Population size
Hypocalcemia 887 0.026 35 63,750
Cystic ovaries 2,065 0.119 39 57,640
Digestive problems 981 0.049 39 53,770
Displaced abomasum 1,267 0.050 36 77,630
Ketosis 679 0.065 31 95,680
Mastitis 2,403 0.245 45 53,230
Metritis 1,528 0.118 39 53,780
Retained placenta 1,278 0.083 41 57,720
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Table 5.2: Summary of model performance for discretized herd incidence of mastitis, reproductive, and metabolic health
events when data split by year

Accuracy  Sensitivity  Specificity  Accuracy  Sensitivity  Specificity

Model (Training)  (Training) (Training) (Test) (Test) (Test)
Mastitis
Stepwise regression 0.711 0.761 0.654 0.431 0.816 0.247
SVM 0.941 0.967 0.910 0.491 0.809 0.338
Random forest 1.0 1.0 1.0 0.488 0.787 0.345
Reproductive
Stepwise regression 0.714 0.754 0.670 0.422 0.833 0.211
SVM 0.999 0.999 0.999 0.476 0.776 0.322
Random forest 1.0 1.0 1.0 0.424 0.904 0.178
Metabolic
Stepwise regression 0.78 0.81 0.74 0.46 0.61 0.40
SVM 0.938 0.967 0.903 0.491 0.729 0.386
Random forest 1.0 1.0 1.0 0.473 0.831 0.315
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Table 5.3: Model accuracy and standard deviation (SD) for discretized herd incidence
of mastitis, reproductive, and metabolic health events averaged across ten-fold cross-
validation results

SVM Random forest

Health event ~ Accuracy SD  Accuracy  SD

Mastitis 0.65 0.03 0.67 0.03
Reproductive 0.66 0.03 0.69 0.02
Metabolic 0.66 0.03 0.67 0.03
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5.8 Figures

A calving difficulty
2nd parity
O .
< protein
D P
3+ pa"ty-C'sE:s =5

S C tpersislency
)

days in milk
1st parity

Figure 5.1: Word cloud displaying common key words from variables selected in stepwise regression models for mastitis (A),

_2nd parity
milk production

number milking PTA

service
Pregnant 330 bii., s o

SCC proteinagey,

left herd™

days open weather

1st paritycaiving
3+ parity

metabolic (B), and reproductive (C) health events.

140

C

.-
C  101-200 DIM
successful service

L]
1st parity C
pheatgy o calylng
9_) protein

&
o)
Q
P
[« %]
]
=<
D
]
g
tion

& 2nd pari

confirmed pregnan

days open

number services

milk produc



1.00

0.75

0.50

True positive rate

0.25

0.00 - AUC = 0.66

0.00 0.25 0.50 0.75 1.00
False positive rate

Figure 5.2: Receiver operating characteristic curves for mastitis with support vector
machine model averaged across ten-fold cross validation results.

141



1.00

0.75

True positive rate
o
&
o

0.25 +

0.00 - AUC = 0.622

0.00 0.25 0.50 0.75 1.00
False positive rate

Figure 5.3: Receiver operating characteristic curves for metabolic events with support
vector machine model averaged across ten-fold cross validation results.
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Figure 5.4: Receiver operating characteristic curves for reproductive events with support
vector machine model averaged across ten-fold cross validation results.
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Figure 5.5: Receiver operating characteristic curves for mastitis with random forest
model averaged across ten-fold cross validation results.
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Figure 5.6: Receiver operating characteristic curves for metabolic events with random
forest model averaged across ten-fold cross validation results.
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Figure 5.7: Receiver operating characteristic curves for reproductive events with random
forest model averaged across ten-fold cross validation results.
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APPENDIX

A

HEALTH EVENT ACRONYM CATEGORIES

Table A.1: Health event acronym categories used for analyses

Event description  Acronym On-farm codes On-farm description

GNRH GNRH 721, CLC, GRNH, POV1,
POV2, POV3, RH

Clostridium CLOS TWAY, BKLG, CL-A,
CLOS, COV8

Abscess ABSC ABCE, ABCS, ABS,
ABSC, ABSL, ABSR,
ABSS

Aborted ABRT ABER, ABLT, ABOR,
ABRT,ABSP, ABTO,
ABOT, ABT

Bloat BLOA BLO, BLOA, BLOT

Bloody BLDM BLDY, BLOD, BLOO,

milk BLQT, BMLK, SANG

Bred BRED 2XBR, B6, B+CY,
BB O, BD+G, BRED,
BRPG, BULL, TB, TBRD

Breech BRCH BACK, BRCH, BRE,

calf BREE

Vaccine VACC 10WY, 1-J5, 1JVC, 1SHT,

1ST, 1VAC, 1WK, 2-J5, 2JVC,
2VAC, 2WKS, 3-J5,
3JVC, 3KC, 3-KC, 445,
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Table A.1: (continued)

Event description

Acronym On-farm codes

On-farm description

A+5L, 4+L5, 4L5, 4SCG,
AVL5, 4WAY, 4WK, 5,
5+L5, 5WKS, 5WLP,
6VAC, 6WK, SWAY,
9WAY, B10M, B4LS5,
B4VL, BIOV, BISH,
BOJ5, BOV4, BOVA,
BOVI, BRSV, BRUC,
BS, BS4L, BSF4,
BVAC, CATM, CATT,
CLVC, CM4, CM-4,
CMA4L, CM5, EN-B,
FP, FP4+, IBR,
IBRV, J 5,

J4L5, J5, J-5, J5 1,
J52,J53,J5P,

J51, J5-1, J51X,

J52, J5-2, J52N, J52X,
J5-3, J53X, J5DR,
J5-V, J5VA, J5VC,
JMSC, JSCG, JUTM,
JVAC, JVB4, JVC1,
JVC2, JVC3, KVAC,
LEPT, LPTO, LTJ5,
MLIV, MLV, MLV1,
MLV2, MLV3, MLVA,
ML+VC, MODL, MSCV,
MUSE, MVAC, MYCV,
NEO, NEO+, NEOL,
NEO2, NEO3, NEOS5,
PIEY, PPJ5, ROTA,
SAL, SAL., SALM,
SALV, SCG1, SCG2,
SCG3, SCGD, SCRG,
SG, SGRD, SGVC, SSHT,
TRI, TRIS, TRIO,
TRIA, TRIC, V+L5,
V7J5, VAC, VACL,
VAC2, VAC3, VAC4,
VAC9, VACB, VACC,
VACD, VACF, VACJ,
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Table A.1: (continued)

Event description  Acronym On-farm codes On-farm description

VACU, VAJ5, VCJ5, VIB.,
VIBO, VIG, VIRA,
VIRO, VIRS, VIS7, VJIL5,
CHV, CHVC, 6 MO

Vaccine VACC COLI ENDOVAC,
E COLI VAC
Vaccine VACC ENDO ENDOVAC BOVI,

ENDOVAC J5 1,
ENDOVAC J5 2

Vaccine VACC WART WART VACCINE
Adhesions ADHE ADHE, ADHS, ADH
Aspirin ASPR ASPN, ASPR
Banamine BANA BAN, BANA, BANE, BANI,

BANN
Banamine BANA METB BANAGCC2X
Hypocalcemia CALC CALC, CALT, FEV,

HCAL, HYCA, LOCA,
MF, MFEV, MFP,
MFVR, MIFE, MIFV,
MILF, MKFE, MKFR,
MKFV, MLFR, MLFV,
MLKF, PREV, TM10,

LIST
Hypocalcemia CALC MILK, MLF MILK FEVER
Hypocalcemia CALC MILK MILKFEVER
Hypocalcemia CALC METB CA
Dystocia DYST CDIF, CE, CINJ, DYST, PLCF,
PULL, TORN
Dystocia DYST CALV CALVING COM,
HARD CALVING,
CALVING HELP
Dystocia DYST ECP
Stillborn/ STMU ABNC, ABNO, CDOA,
Mummy MUMM, MUMY
CIDR CIDR CEDR, CIDR
Corpus CLUT A1CL, A2CL, A3CL,
luteum CL, CL L, CL R,

CL S, CL=L, CL1L,
CL1R, CL2L, CL2R,
CL3L, CL3R, CL7,
CL-8, CLF, CLF2,
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Table A.1: (continued)

Event description

Acronym

On-farm codes On-farm description

California
Mastitis Test
Coliform
mastitis

Confirm
pregnancy

Cystic
ovary

Other ovary
problem

Displaced

CAMT

CLFM

PREG

CYST

OVAR

DSAB

CLL, CL-L, CLLE,
CLLO, CLR, CL-R,
CLRO, CLRT, LCL,
LCL1, LCL2, LCL3,
LOCL, NCL, NCR,
NOCL, POCL, R CL,
RCL, RCL1, RCL2,
RCL3, ROCL, CLFL
CMT

COLI COLIFORM,
COLIFORM MAS,
COLIFORMS

CONF, CPRB, P3,

PG 1, PG 2, PG 7,

PG-3, PG10, PG1S,

PG2W, PG38, PG4S,

PG4W, PG52, PG62,

PGLH, PGRH, PREG,

PRG2, PTWN, VERI,

VERP, WCOK, P-1,

P-2, P-3

2CYST, 3BRD, CFLO, CFRO,

CLO, CLO1, CLO2,

COD, CRD, CSTO,

CSTR, CY L, CY R,

CY-L, CY-R, CYL,

CYR, CTLN, CYBO,

CYEX, BYLO, CYLR,

CYRO, CYRT, CYS,

CYSL, CYSR, CYST,

CYVE, FCLU, LCST,

LCY, LCYS, LOCY,

OPCS, OVCO, OVCY,

PO3X, POLY, RCY,

RCYS, ROCY, STAT

OVAR, OVAS, OVBL,

OVD, OVDL, OVDR,

OVLO, OVPG,

OVRO, OVST, SMOV

D.A, D.A., DA,
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Table A.1: (continued)

Event description

Acronym On-farm codes On-farm description

abomasum

Dexamethasone
Dexamethasone

Dextrose
Dextrose
Cow
culled
Culture
Digestive
problem
Diarrhea

Do not
breed
Downer
cow

Dry cow
treatment

E. coli
Edema

Miscellaneous
Penicillin

DEXA
DEXA

DEXT
DEXT
CULL

CULT
DIGE

DIAR

DNBR

DOWN

DRYT

ECOL
EDEM

MISC
PENI

DAL, DAR, DA R,
DABL, DALF, DART,
LDA, LDAB, LDAS,
LFD, LFDA, R-DA,
RDA, RDA1, RDAB,
RDAS, RSDA, RTDA,

DSAB

DEXI, DEXM, DEXA

DEX 30CC DEX,
DEXAMETHOSON,
DEXAMTHASOME,
DEXAMETH,
DEXAMETHASON,
DEXISONE,
DEXAMETHAZNE

DET, DEXS, DEXT

DEX DEXTROSE-IV

CULL, SELL, SOLD, NMLK,

DIED

CULT

DIGE, DIGT, RUBO, RUM,
RUMA, RUME, RUNS, STOM
BVD, BVD+, BVDI1, BVD2,
BVSD, DIAH, DIAR, DIRH
DNB

DOWN

9DRY, DCLX, DCT,
DLIN, DRCL, DRTM,
DRTR, DRY, DRYT,
DTRT, DYTR, NDRY,
NOTR, ORBE, ORBS,
REDR, REDT, REUP,
SEAL, TDRY

ECOL

ADEM, ADMA, EDE,
EDEM, EDMA, SWEL,
UDAD, UDE, UDED
MISC

3, PCN, PEN, PENC,
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Table A.1: (continued)

Event description

Acronym

On-farm codes

On-farm description

Pinkeye
Pneumonia

Retained
placenta

Dewormed

Vitamin

Vet
check
Hairy
wart

Hairy wart
Hairy wart

Ketosis

Antibiotic

PEYE

PNEU

RETP

WORM

VITA

VETC

WART

WART
WART

KETO

ANBI

PENG, PENI, PENN
EYE, PEYE, PINK,
PKEY, PNKE, PNKI
PNEM, PNEO, PNEU,
PNU, PNUE, PUNO

NCLN, R.P., REPT, RETA,

RETP, RFM, RFS,
RMAB, RP, RPIN,
RPL, RPRE, RTFM,
RTPL, UTRP
DEWM, DEWO, DEWR,
DWM, EPNX, EPRI,
EPRX, IVO, IVOM,
WORM, WRMD

B 12, B12, BPLX,
PERK, VB12, VIT,
VITA, VITC, VITI,
VIT?2, VITB, VITE,
VITK, VT K, VT-K,
VT-E

EXAM, VET, VETC,
VETK, VTCK, VIGD
HAIR, FW, FWRT,
HARY, HFTW, HFWT,
HLWT, HRYW, HW,
HWAR, HWRT, WAH
FEET

HOOF

12, ACET, ACID, ACIT,
ACTI, FEKE, 1V, KE,
KET, KET1, KET2,
KET3, KETD, KETH,
KETO, KITO, KTOS,
NVKT

13, 2, 6, 60, 60-N, 7,
71, ABA, ALB, ALBN,
ALBO, ALIL, AMOX,
AMP, ANTB, ANTI,
BODR, EXC, EXCE,
EXCL, EXCN, EXCR,
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Table A.1: (continued)

Event description

Acronym On-farm codes On-farm description

Body conditioning
score

Beef
Synchronized

Synchronized
BST

BCSC

BEEF
SYNC

SYNC
BVST

EXEL, EXEN, EXIN,
EXNA, EXNL, NXCL,
NXEL, GALI, GALL,
GCIN, OTC, OTET,
OXTE, SABX, TERA,
TERR, TET, TET?2,
TETC, TETR, XTET
BCS, BCSC

BEEF
80HR, BOVL, CLLU,
COVS, CYCL, ES,
ESTR, ESYN, FOVS,
G1WL, HCG, HTSN,
HTSY, IMPL, LTB,
LTBR, LTS, LTYS,
LUT, LUT1, LUT2,
LUT3, LUT7, LUTA,
LUTC, LUTE, LUTL,
LUTO, LUTR, LUTX,
LUTY, LUTZ, LUYS,
LYT, OLUT, OS,
OSYN, OV, OV-S,
OVA, OVSY, OVUL,
OVU2, OVU3, OVG1,
OVG2, OVS, OVSI,
OVS2, OVS3, OVSC,
OVSI, OVSK, OVSN,
OVSP, OVSY, OVUS,
OVY, OVYC, OVYS,
P-S1, P-S2, PG,

PGF, PGF1, PGF2,
PLUT, PPC, PRO,
PROS, PSY1, PSY?2,
PSYN, RSNC, SINC,
SNCB, SWOV, SYB,
SYCB, SYN., SYNB,
SYNC, STLU, TAIL
OK-R, CMC

OVAS OVASYNC
BST, BST1, BST2, BSTF,
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Table A.1: (continued)

Event description

Acronym

On-farm codes On-farm description

C-Section
Mineral(s)

Foot trim

Foot trim

Foot trim

Multiple
birth

Infusion

Infusion
Infusion
Uterine

infusion

Uterine
infusion
Uterine
infusion
Uterine

CSEC

MINE

TRIM

TRIM

TRIM

MBIR

INFU
INFU

INFU
UINF

UINF

UINF

UTPR

BSTN, BSTR

C-SE, CAES, CSCT, CSEC,
SECT

11, BOSE, CMPK, IRON,
MGNS, SELE

FTM, FTRI, FTRM,
FTTM, FTTR, HFTM,
HFTR, TRDR, TRHF,
TRIM, TRM, TRMI,
TRM2, TRM3, TRMA4,
TRMD, TRMF, TRMP,
PBT, 2TRM, 4TRM,
ABRF, ABFF, ABLF,
ABLR, ABES, AB

FEET FOOT TRIM,
HOOF TRIM,
HOOF TRIMMER,
HOOFTRIM,
TRIMFEET,

HOOF TRIMFEET,
HOOF TRIM,
HOOF TRIMMIN,
HOOFTRIMER

D TW, TRIP, TWB,

TWBR, TWIN, TWN?,

TWNS, TWPG

INFU, OXYF, OXYM,

OXYT, P.I

1

INFS U.INFUSION

GR1, GR2, GR3,

GR4, GR5, IFUT,

INFC, INFE, INFS, IU,

PBI, POST, U 1,

U2, U 3, Ul,

U2, U3

INF UTERS

UTIN UTE INFUSE,

UTERINE INFU
AMUU, C1U1, DIRT, DIRU,

184



Table A.1: (continued)

Event description  Acronym On-farm codes On-farm description

problem DISC, PILL, TWIS,

TWST, TWUT, U P,
UCND, UDRN, UFL,

UI, UINF, UNCD, UPUS,
UT, UT 1, UT 2,

UT 3, UTAB, UTAD,
UTEN, UTER, UTF,
UTIF, UTPS, UTRN,
UTRS, UTCN, UTST

Uterine UTPR UTTN UTERUS INFEC
problem
Foot ulcer FULC ITAB, ITSU, S-AB, S-UL,
SOUL, ULCE
Foot ulcer FULC ULCR SOLE ULCER,
SOLEULCER
Stomach SULC ULC
ulcer
Stomach SULC ULCR ABOMSL ULCER
ulcer
Calved CALV ALLY, CVOB
Vaginal /Uterine VUPL PLAP, PLPS, PROL, PRLP,
prolapse PRUT, RLAP, VPRO
Follicle FOLL A1FO, FF, FL,

FLLO, FLO, FLOV,
VLFO, FO 1, FO-L,
FO-R, FOL, FOLI,
FOLL, FOLR, FOLT,
FORT, FRO, LFO, RF,
RF 2, RF1, RF3, RUF,

WTCH
Follicle FOLL  FR FOLICLE RT
Mastitis MAST 4, BETA, CDRI, CEF,

CEFA, CLAK, CLIN,
CLLF, CLLR, EMAS,
FREM, GG M, LF,

LF 2, LR, LRRR, M +2,
M +3, M 4Q, M GG,

M HF, M LF, M LR,

M RF, M RR, M.F.,
M-?, M+, M-1, M-2,
M-3, M-4, M4QT,
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Table A.1: (continued)

Event description

Acronym On-farm codes

On-farm description

Mastitis
Magnet

Metritis

Metritis
Respiratory
problem

Heat

MAST
MAGN

METR

METR
RESP

HEAT

MATL4, MALL, MAPP,
MAS, MAS4, MASR,
MAST, MBAG, M-FE,
MFOR, MIVT, MLF,
M-LF, MLFQ, MMQ,
MRF, M-RF, MRFQ,
MRR, M-RR, MRRQ,
M-SE, MST1, MST2,
MST3, MSTA, MSUB,
MSUH, MSUP, MT,
MT2+, MTRE, MTWO,
M-VC, Q.MA, QMSR,
QTMS, QTMT, QUAR,
QUTR, REAR, RFRR,
RR, SA, SANA, SCLM,
SCLN, STAF, STAG,
STAP, STAR, STPH,
STPQ, STRP, TOX,
TOXI, TOXM, TX,
TXCQ, TXIC, MYCO
STEP

HARD, HD, HDWA,
HDWE, HDWR, HRDW,
HWD, HWRE, MA,
MAG, MAG., MAGG,
MAGN, MAGT, MGNT,
MANG, RMAG

ECP, MET, METR,
MTRI, PUS, PUSS,
PYMO, PYO, PYOM,
UTME

ENDO

AHI, NAX, NAX3,
NAXC, NAXL, RES,
RES9, RESP, T.B.,
?HEA, ?HT, AHET,
BLMH, H, H-?, H-C,
H-CK, HABR, HEAT,
HET?, HT?, HTDT,
IN, INDH, KMAR,
M721, MUSC, NOHE,
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Table A.1: (continued)

Event description

Acronym On-farm codes On-farm description

Johnes

Teat injury

Teat injury
Teat injury

Teat injury
Teat injury
Temperature

Prostaglandin

Progesterone

Open

Lameness

JOHN

TEAT

TEAT
TEAT

TEAT
TEAT
TEMP

PRST

PGST

OPEN

LAME

NOHT, WHET

EJOH, FEJO, J-?,

J-NE, J-PG, J-PO,

J-SU, S.5, J1, J3,

JD +, JD -, JHN+,

JHN-, JHNE, JHNS,

JN-1, JN-2, JNEG,

JNNG, JNPS, JNSV,

JOH, JOHB, JOHN,

JOHP, JOHS, JON,

JONE, JONS, JONY,

JPOS, PSUS, JT,

JTES, JTST, NEG,

NEJO, NJHE, NJOH,

NJON, POS, SUS,

SUSJ

9TET, 3 T, 3T,

3TEA, 3TET, 3TIT,

3TRM, 3TTR, CUT,

CUTR, CUTT, INJT,

IT, MASH, TAPE,

TLJ, TINJ, TITN,

TTEA, TTET

INJ TEAT INJURY

TEAT INJURED TEAT,
TEAT INJURY,
TEAT TRAUMA

STEP STEP ON TEAT

SURG TEAT SURGERY

FEVE, FEVR, FUO,

FVER, HTEM, NORM,

PFEV, SHPF, TEMP

PGDR, PGH, PGHI,

PGH2, PGPF, PNAT,

POSI1, POS2, PR,

21PG, 2BPG

PGIL, PROG, PROJ,

PT-N, PT-Y

NBUL, NFL, OPEN,

OPLY

AMPT, BDFT, BLCK,
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Table A.1: (continued)

Event description

Acronym On-farm codes

On-farm description

Fresh cow
Dehorned

Embryo
transfer
Scours

Cancer/

tumor
Miscellaneous
udder problem

Miscellaneous
problem
High SCC

FRSH

HORN

EMTR

SCOU

CATU

MUDD

MUDD

HSCC

BLK, BLKF, BLOC,
BLOF, BLOK, F-RT
FAB, FEET, FINJ,
FOOT, FR, FROT,
FTAB, FTLG, FTBK,
FTR, FTRT, HFAB,
HOBB, HOCK, HOOF,
HROT, IFFT, LAM,
LAME, LAMI, LEG,
LEGS, LIN, LMC,
OTAB, OTSU, ROT,
SANC, SAND, SOFT,
SS, SSA, SSAB,
WRAP, INJR
FRCK, FR, FRES,
FRPN, FRSH, YMCP
DEHN, DEHO, DH,
DHOR, DHRN

ET, ETDO, RECI,
RECP, SOLV

SCO, SCOR, SCOU,
SCR, SCRS

CANC, CEYE, CNCR,
LUCS, TUMR
BADU, BDUD, INJU,
OTHU, PRSU, SCLD,
UDDE, UDDR, UDER,
VB, UDDN

INJ

HSCC, SC, SCC

UDDER INJURY
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