SCIEy,,
o‘z’f/.ll\i%y& J. Dairy Sci. TBC
ZANB%P< https://doi.org/10.3168/jds.2023-23788
AN A
N

& ©TBC, The Authors. Published by Elsevier Inc. on behalf of the American Dairy Science Association®.

This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Genetic Parameters and Genetic Trends for Johne’s
Disease in U.S. Holsteins: An Updated Study

Kristen L. Parker Gaddis,?
Jodo Diirr,?

Larissa C. Novo,
H. Duane Norman,?

Xiao-Lin Wu,"?
Robert Fourdraine,?

T. M. McWhorter,2® Javier Burchard,?

and Francisco Pefagaricano’

'Department of Animal and Dairy Sciences, University of Wisconsin, Madison, WI 53706, USA

2Council on Dairy Cattle Breeding, Bowie, MD 20716, USA
®Dairy Records Management Systems, Raleigh, NC 27603, USA

ABSTRACT

Johne’s disease (JD) is an infectious enteric disease
in ruminants, causing substantial economic loss an-
nually worldwide. This work aimed to estimate JD’s
genetic parameters and the phenotypic and genetic
trends by incorporating recent data. It also explores
the feasibility of a national genetic evaluation for JD
susceptibility in Holstein cattle in the United States
(US). The data were extracted from a Johne’s disease
data repository, maintained at the Council on Dairy
Cattle Breeding (CDCB), and initially supplied by 2
dairy records processing centers. The data comprised
365,980 Holstein cows from 1,048 herds participating
in a voluntary control program for JD. Two protocol
kits, Idexx Paratuberculosis Screening Ab Test (IDX)
and Parachek® 2 (PCK), were used to analyze milk
samples with the Enzyme-Linked Immunosorbent As-
say (ELISA) technique. Test results from the first 5
parities were considered. An animal was considered
infected if it had at least one positive outcome. The
overall average of JD incidence was 4.72% in these
US Holstein cattle. Genotypes of 78,964 SNP markers
were used for 25,000 animals randomly selected from
the phenotyped population. Variance components and
genetic parameters were estimated based on 3 models,
namely, a pedigree-only threshold model (THR), a
single-step threshold model (ssTHR), and a single-step
linear model (ssLR). The posterior heritability esti-
mates of JD susceptibility were low to moderate: 0.11
to 0.16 based on the 2 threshold models and 0.05 to
0.09 based on the linear model. The average reliability
of estimated breeding values of JD susceptibility using
single-step analysis for animals with or without pheno-
types varied from 0.18 (THR) to 0.22 (ssLR) for IDX
and from 0.14 (THR) to 0.18 (ssTHR and ssLR) for
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PCK. Despite no prior direct genetic selection against
JD, the estimated genetic trends of JD susceptibility
were negative and highly significant (P-value <0.01).
The correlations of bulls’ predicted transmitting abili-
ties with economically important traits such as milk
yield, milk protein, milk fat, somatic cell score, and
mastitis were low, indicating a non-overlapping genetic
selection process with traits in current genetic evalua-
tions. Our results suggest the feasibility of reducing the
JD incidence rate by incorporating it into the national
genetic evaluation programs.
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INTRODUCTION

Paratuberculosis, also known as Johne’s disease (JD),
is a chronic infectious disease caused by Mycobacte-
rium avium ssp. paratuberculosis (MAP) that affects
cattle and other ruminants. After infection, the MAP
resides in macrophages in the intestines and triggers a
chronic immune response, resulting in inflammation of
host intestine walls and potentially leading to death.
Like tuberculosis in humans, infected animals silently
carry the mycobacteria and spread the disease among
herds (Whittington et al., 2017). Though the true herd
prevalence of JD is challenging to assess, studies have
reported up to 75% of herds with at least one positive
case in the United States (US) (Garcia and Shalloo,
2015a). Johne’s disease is commonly associated with in-
creased premature culling, diminished production and
reproduction, reduced feed efficiency, and increased
veterinary costs and penalty payments due to reduced
milk quality. The economic losses caused by JD in the
US were estimated to be around $198 million per year
(Rasmussen et al., 2021).

The epidemiology of JD is complex and depends on
many factors, such as herd management, age, infection
dose, and disease prevalence. Clinically, this disease has
a silent period lasting between 2 to 10 years, and test
protocols have varying sensitivity levels, making JD-
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controlling programs arduous. A substantial research
effort has been placed on the vaccination for JD in past
decades, yet its effects are far from elucidated (e.g.,
Bannantine et al., 2014). Hence, the control for this
disease currently relies on a voluntary program imple-
mented by US dairy producers (Davis and Park, 2018).
Although JD is a heritable trait, the genetics underlying
host resistance remains not fully known, and while be-
ing actively studied, data collection aiming at genomic
selection against JD susceptibility is challenging (Mal-
likarjunappa et al., 2021). As a result, indicator traits
are often used to assist genetic programs in reducing
JD incidence (Brito et al., 2018).

Throughout the last century, genetic evaluations
in dairy cattle have heavily emphasized production
over reproductive and health traits. Consequently, an
antagonistic genetic relationship between production
and health has become increasingly apparent (Pryce
et al., 1998; Rauw et al., 1998). Meanwhile, the dairy
industry has been shifting toward larger herd sizes
and increasingly recognizing the importance of cows
with strong disease resistance. Genetic improvement of
disease resistance in dairy cattle has been an area of
research for more than 50 years (Parker Gaddis et al.,
2020). Still, official genetic evaluations on large popula-
tions began considering health traits in the mid-1990s
through indirect selection and indicator traits. In the
US, for example, somatic cell score and productive
life were combined with yield traits into a total net
merit selection index (NM$; VanRaden and Wiggans,
1995); both representing indirect selection and indica-
tor traits. Somatic cell score was a convenient indicator
trait for clinical mastitis (VanRaden, 2017). Produc-
tive life provides an indirect indicator of overall health
by estimating the length of time a cow remains in the
milking herd, and hence, it is a measurement related
to the cow’s health (VanRaden, 2017). However, direct
recording and selecting for health traits are more ap-
pealing because they can add value and make progress
toward breeding healthier dairy cattle (Parker Gaddis
et al., 2020). Over the past 30 years, there has been a
shift in the selection index from yield traits to fertility,
health, and fitness traits (Cole et al., 2020). Health
traits such as hoof health (Cole et al., 2020) and still-
birth (e.g., Yao et al., 2014; Sigdel et al., 2022) are
being considered. In the past decade, genetic evaluation
and prediction of JD susceptibility have also been of
great interest (e.g., Zare et al., 2014; Kirkpatrick et al.,
2022).

In the past few decades, the search for genes involved
in the genetic determination of JD susceptibility has
continued through candidate gene studies (e.g., Pinedo
et al., 2009a; b; Pant et al., 2011), QTL mapping (e.g.,
Gonda et al., 2007; Minozzi et al., 2010), and genome-
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wide association studies (e.g., Settles et al., 2009; Kirk-
patrick et al., 2011, 2022; van Hulzen et al., 2012; Zare
et al., 2014; Sanchez et al., 2022a). These studies have
linked JD with immune-mediated diseases, maturation
of lymphocytes, mitochondrial health, and innate im-
mune response that are also present in other infectious
diseases in dairy cattle. However, genetic evaluations
limited to significantly identified markers linked to
functional genes or QTL are suboptimal in their pre-
diction power. For example, Zare et al. (2014) reported
an early study to predict JD in US Jersey cattle using
estimated SNP effects from genome-wide association
studies in a data set of approximately 5,000 mature
cows. However, the accuracy measured by the receiver
operating characteristic curve was low. Recently, Kirk-
patrick et al. (Kirkpatrick et al., 2022) evaluated the
efficacy of genomic prediction using a sire data set (897
sires with genotypes and daughters with phenotypes) in
US Holstein cattle. The average accuracy, assessed by
the correlation of genomic-estimated breeding values
(GEBYV) for the testing using sires and their daughter
averages in b-fold cross-validations, ranged between 0.43
and 0.53. Kirkpatrick et al. (2022) thus suggested that
genomic predictions using genome-wide SNP markers
for susceptibility to MAP infection could be used by
producers in selecting Al service sires or replacement
females as a means of producing a herd with lesser sus-
ceptibility to MAP infection. Still, the results were not
representative of a full population genetic evaluation on
JD resistance because genomic and proven sires tend
to have higher prediction accuracies than other catego-
ries of animals (e.g., cows with/without genotypes and
phenotypes or bulls without genotypes and daughters).
Sanchez et al. (2022) reported genomic predictions with
relatively higher reliability for JD resistance (reliabil-
ity = 0.55). These predictions were estimated from a
reduced reference population that included about 75%
of cows with phenotypes in a large Holstein population
consisting of 161,253 animals, which included 56,766
cows with ELISA serological phenotypes and 12,431
animals with genotypes raised in northwestern France.

Genetic evaluation of JD susceptibility (or resistance)
depends on 2 factors. First, collecting phenotypic and
genotypic data can take many years. Second, it remains
crucial to determine how accurate or reliable the genetic
evaluations will be. In the past 2 decades, the JD re-
cords collected in US Holstein cattle have accumulated
substantially, thus providing a dedicated opportunity
to assess a genetic evaluation on JD. As such, the pri-
mary objectives of this study were to characterize the
available JD data repository in terms of incidence rate,
variance components, and genetic parameters and to
assess the reliability of estimated breeding values for
JD susceptibility in US Holstein cattle. We anticipate
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that the results will also help determine the feasibility
of implementing official genetic evaluation programs
for reducing the JD susceptibility in Holstein cattle in
the US

MATERIALS AND METHODS

The data were extracted from the JD data repository
maintained at the Council on Dairy Cattle Breeding
(CDCB), initially supplied by 2 dairy records pro-
cessing centers. This data repository contained a total
of 973,652 ELISA scores. After removing redundant
records, 713,395 ELISA scores were obtained, repre-
senting 413,255 unique animals from 17 pure breeds
and crossbred animals. The majority (92.38%) of these
records were collected from Holstein cattle, and ap-
proximately 3.90% of the ELISA scores were collected
from crossbred cattle. The remaining records were
compiled from Jersey (2.94%), Brown Swiss (0.36%),
and other purebred cattle breeds (0.42%). The JD tests
used 2 ELISA kits, with specificity greater than 98%,
namely, Idexx Paratuberculosis Screening Ab Test
(Idexx, Montpellier, France) (IDX) and Parachek®
2 (Prionics AG, Schlieren, Switzerland (PCK). In-
dividual JD records were primarily collected in the
states of Wisconsin (50.28%), Michigan (29.6%), and
Minnesota (18.48%), as well as 15 additional states
(1.64%). Although both test kits aim to detect MAP-
specific antibodies in bovine milk, the joint analysis
of different JD ELISA-based tests is not recommended
due to poor agreement between kits and consequent
inaccurate interpretation (McKenna et al., 2006). Ad-
ditionally, the tests were applied during distinct phases
of genetic selection for health traits in the US While
PCK was mainly used before the visible impact of ge-
nomic evaluations, IDX was the primary test used in
a period of great improvement in health traits trends
(i.e., mastitis and milk fever). An animal described as
positive for one test may not have the same diagnosis if
tested with a different kit, considering that the cut-off
values are conditioned to the manufacturer and current
population status. Therefore, the subsequent analyses
were performed considering the tests as different traits.

Considering the epidemiological profile of the dis-
ease, we kept only test results from the first 5 parities.
Animals were classified as infected if they had at least
one positive result, while animals without positive test
results were deemed uninfected. The average number of
tests per animal within the first 5 lactations was 1.68 +
1.01, with less than 7% of the animals with more than
3 tests. For animals with multiple positive (or negative)
tests, only the first positive (or last negative) result
was retained. The data were cleaned by removing ani-
mals with inconclusive or suspect JD results and herds
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with less than 15 animals. Only herds with at least one
positive result were considered. In total, ELISA scores
for 365,980 animals from 1,048 herds participating in
the voluntary control program for JD were retained,
covering the period from 1992 to 2022 with 2 protocol
kits: IDX and PCK. The PCK milk analysis results
represented 94,639 samples analyzed between 1992 and
2017, while IDX results represented 271,341 samples
analyzed between 2002 and 2022. Genotypes of 78,964
SNP markers were extracted for 35,420 animals with
IDX and 170 animals with PCK test results. For cows
with IDX tests, only 25,000 of the total genotyped
animals were randomly selected and included in the
present study due to a limitation of the free software
version (Lourenco et al., 2020) used for variance com-
ponent estimation. The same set of genotyped animals
was used for all the subsequent analyses to maintain
the consistency of their impact on the estimated vari-
ance components and breeding values. The pedigree
consisted of 834,853 animals traced up to 5 generations.

The JD data were analyzed separately for the 2 JD
diagnostic tests using the single-step approach imple-
mented in the BLUPF90 suite of programs (Misztal
et al., 2014) versions 3.16 and 2.47 for GIBBSF90+
and BLUPF90+, respectively. The PREGSF90 (version
1.4) program was used to obtain genomic and pedigree
relationship matrices and to perform quality control
of the genotype file. The quality control removed
monomorphic markers, markers with a minor allele
frequency of less than 0.05, animals and markers with
a call rate of less than 0.90, and animals with parent-
progeny conflicts. After the data quality control, the
data set included 75,313 markers on 24,927 animals in
the IDX-test category and 164 animals in the PCK-test
category. The phenotypes of JD test results were coded
as a binary (2 = infected, 1 = uninfected) trait.

Linear model

The linear model is described as the following;:
y=XB+Zh+Zu+e

where (3 is a vector of fixed effects including age within
lactation (15 levels) and stage of lactation (3 levels), h
and w are the vectors of random effects for herd-year-
season of the test (6,367 levels) and additive genetic,
respectively, X, Z;, and Z, are the corresponding inci-
dence matrices, and e is a vector of residuals. The
random effects were assumed to follow a multivariate
normal distribution with h ~N(0, Ioz), u ~N(O, H02),

u
where I is an identity matrix and H is a matrix combin-

ing pedigree and genomic information. To correct the
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age discrepancies of the test for each lactation within
herds, the age categories equally divided the animals
into 3 groups (younger, average, and older; 33% of total
animals, each) for each lactation. The groups of lacta-
tion stages (s) were defined as early (s <150d), peak
(150d < s <300d), and late (s > 300d) lactation when
the tests were conducted.

Threshold model

The threshold model postulates a continuous and
normally distributed variable, namely liability (1),
that delimits the observable binary trait (y;) according
to a threshold x (Gianola, 1982). That is,

1 ifn, >k

0 otherwise

(D)

Y, |77z7"5 =

The threshold & is fixed arbitrarily to center the dis-
tribution, hence not an unknown parameter in a bi-
nary threshold model. The reliability variable is then
modeled by the linear model as is shown in (1) but
with the observable vector y replaced by the unobserv-
able reliability vector 1. The conditional probability of
observing a realization vector of n, given a vector of
observations (y) for a population of n animals, and the
threshold k, is the following (Wu et al., 2008):

Pr(y|n,x)

= szl{] (771- < /-@) Pr(yi = 0) + I(r]i > H) Pr(yi = 1)},
(2)

where I(A) is an indicator function, which takes the
value one if condition A is true and a zero otherwise.
The threshold model was analyzed by Bayesian analysis
implemented via Markov chain Monte Carlo simulation
(Korsgaard et al., 2003).

Estimations of variance components

Variance components and genetic parameters (e.g.,
heritabilities) were estimated using 3 models: a pedi-
gree-only threshold model (THR), a single-step thresh-
old model (ssTHR), and a single-step linear model
(ssLR). In single-step methodology, the pedigree rela-
tionship matrix (A) is replaced by the realized relation-
ship matrix (Legarra et al., 2009; Misztal et al., 2009;
Christensen and Lund, 2010). However, H is challeng-
ing to calculate. Therefore, Aguilar et al. (2010) pro-
posed the direct construction of the inverse of the real-
ized relationship matrix (H™") as:
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I (¢ 0
H'=A"+|
0 G'—Ay

, 3)

Where G™! is the inverse of the genomic relationship
matrix for genotyped animals calculated based on the
method of VanRaden (2008) and Aj, is the inverse of
the pedigree relationship matrix for genotyped animals.
The inbreeding coefficient is considered in the calcula-
tion of the A™" and A,; matrices by default by
BLUPF90+. The heritabilities obtained via the thresh-
old model were presented in the original liability scale
and back transformed following the Dempster and Le-
rner (1950) formula: b} = hi2* / K (1— K), where h and
hf are the heritability estimates in the observed and li-
ability scale, respectively, z is the value of the standard
normal probability density function at the truncation
threshold, and K is the proportion of cases in the popu-
lation.

The GIBBSF90+ and BLUPF90+ programs (Misz-
tal et al., 2014) were used to implement the Bayesian
threshold and linear models, respectively. Convergence
was determined by visual inspection of the trace plots
and by the Geweke convergence diagnostic value
(Geweke, 1992). The Geweke method assesses a con-
vergence diagnostic for Markov chains based on a test
for equality of the means of the first and last part of
a Markov chain (by default, the first 10% and the last
50%). The test assumes that if the samples are drawn
from the stationary distribution of the chain, then the 2
means are equal, and Geweke'’s statistic has an asymp-
totically standard normal distribution. The test statistic
is a standard Z-score, the difference between the means
of the 2 samples divided by its estimated standard er-
ror. The standard error is calculated from the spectral
density at zero and thus considers any autocorrelation.
The Markov chain Monte Carlo simulation consisted of
80,000 iterations after discarding a burn-in period of
15,000 iterations and thinned for every 100th sample
for posterior inferences.

Breeding values and reliabilities

Breeding values, reliabilities, and genetic trends were
obtained with univariate analysis for both JD tests and
models using the BLUP90IOD2 and CBLUP90I0OD2
programs (Tsuruta et al., 2001). The THR model cal-
culated traditionally estimated breeding values (EBV),
whereas the ssTHR and ssLR calculated genomic es-
timated breeding values (GEBV) as these 2 methods
include genomic information. The reliabilities were
obtained from ACCF90GS as in:
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PEV
|-

gy

REL=1-

(4)

Here, PEV = var (4, —u;) = c"o? is the prediction error
variance of 4;, where ¢” is the diagonal elements in the
subblock of the inverse matrix of the left-hand side of
the mixed model equation (MME) corresponding to the
random animal effect for individual i, and o is the re-
sidual variance, and var (u;) = o.. While inbreeding is
considered for the calculation of A~', ACCF90GS does
not include an inbreeding coefficient for the estimation
of PEV. The reliabilities had initially been manually
calculated to consider inbreeding; however, as described
by Aguilar et al. (2020), a considerable proportion of
animals could not have their reliabilities calculated due
to having PEVs larger than o2, possibly as a result of
low heritability of the traits that could not be avoided,
despite having considered the inbreeding as suggested
by the authors. Due to the large data set, an additional
analysis for the threshold model, considering only the
pedigree relationship, was performed as a benchmark
model for comparison and is presented along with the
results for the single-step models.

Estimation of genetic trends

Genetic trends were estimated with the breeding
values of the JD incidence by adjusting the 2 diag-
nostic test results to a common base, assuming that
the differences in the JD incidence rate between the
2 JD tests were essentially non-genetic. Hence, we fit-
ted a temporal linear regression on the estimated JD
breeding values, assuming heterogenous intercepts and
a common regression coefficient for the 2 tests. That is,

()

Wy =a, +b(ty; — 4 )+ €,

where #; is the mean of breeding values computed in

year j for the kth test (i.e., k = 1 for PCK tests and &
= 2 for IDX tests), t; is the year of the test (i.e., 1992
— 2017 for PCK tests and 2002 — 2020 for IDX) with
being the corresponding mean, a; is the heterogenous
intercept, b is the common coefficient pertaining to the
2 tests, and €; is an error term. The model parameters

were solved by least squares. In brief, the solutions of
the model parameters are the following:
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(6)

where n; and n, are the numbers of years having IDX
and PCK test results, respectively.

Approximated genetic correlations

Approximated genetic correlations between JD test
kits and production and health traits included in the
national genetic evaluation were obtained following the
method proposed by Calo et al. (1973). The predicted
transmitting abilities (PTAs) of 18,509 sires in the JD
evaluation were obtained from CDCB’s official genetic
evaluation performed in August 2023. Of the bulls se-
lected, 336 had less than 10 daughters, all genomically
tested. The average reliability for the production and
health traits varied from 78.96 for mastitis to 95.38 for
SCS. Briefly, the method computed the genetic correla-
tion (rg) between 2 traits (denoted by A and B) as the
Pearson correlations (r) between the estimated PTA for
each trait adjusted for reliabilities. That is,

— B(REL,)x3(REL,)
"¢ = T S(REL,RELy)

X, (6)

where 7;, is the approximate genetic correlation between
traits, S(REL,) and X(RELp) are the sum of reliabili-
ties for the trait A and B, respectively. The traits were
chosen based on economic importance (e.g., milk yield,
protein, and fat), and traits that could be impacted by
or related to JD (e.g., SCS, mastitis, livability, and
productive life).
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RESULTS AND DISCUSSION

Data summarization and characterization of Johne’s
disease diagnostic tests

A major limitation in the development of direct ge-
netic measures for health traits over the past decades
has been the lack of a centralized system to collect
health data at a national level (Parker Gaddis et al.,
2020). Zwald et al. (2004) demonstrated that producer-
recorded health event data were a viable source of
phenotypes for genetic evaluation if collected into a
national data set. In the US, the Animal Improvement
Program Laboratory (now the Animal Genomics and
Improvement Laboratory, AGIL; Beltsville, MD) has
collaborated with industry partners and veterinary
experts to develop a standardized health recording
system since 2008 (Cole et al., 2008) and advance
the development of health evaluations. On the other
hand, the standardization of health traits may overlook
the discrepancy between JD objective diagnosis and
producer-reported occurrences of other traits such as
ketosis, milk fever, and others. The CDCB JD data
repository was established to accommodate phenotypes
and genotypes that could be used for genetic evalua-
tions for JD.

The CDCB JD data repository represented the
world’s largest one in Holstein cattle. After data qual-
ity control, ELISA records were retained for 365,980
animals from 1,048 herds participating in the voluntary
control program for JD tests. Compared with the stud-
ies conducted a decade ago (e.g., Gonda et al., 2006),
the JD data size has increased by over a hundred-fold.
The data set used by Kirkpatrick et al. (2022b) par-
tially overlapped with the data set used in this study,
including only data collected up to 2016. Their data
fell into 3 categories. The data in the first category
represented the US commercial dairy cattle popula-
tion from 2010 to 2016 with farm records for MAP
infections (i.e., milk ELISA test results for US Holstein
cows) provided by the Dairy Records Management
System and AgSource Cooperative (Kirkpatrick and
Lett, 2018). They retained JD records for 202,367 cows
after the data editing. The other 2 categories included
testing cows from commercial dairy herds developed
as resource populations at the University of Minnesota
and Michigan State University. In contrast, the data
set used in this study contained twice as many animals.
Recently, Sanchez et al. (2022) merged 2 JD data sets
to evaluate the genetic resistance to paratuberculosis
in French Holstein cattle. The first data set contained
non-redundant MAP statuses (serum ELISA and fe-
cal PCR results) for 4,100 cows, while the second data
set included non-redundant MAP statuses of 243,274
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cows from 15,476 herds, deduced from serological tests
routinely recorded since 2015. After the data cleaning,
the merged data set comprised 161,253 animals, includ-
ing 56,766 cows with ELISA serological phenotypes
and 12,431 animals with genotypes. Approximately
3-fourths of the serum samples were diagnosed with
IDX, whereas around one-fourth were diagnosed with
Idvet ID Screen ® Paratuberculosis Indirect (Idvet,
Montpellier, France).

Figure 1 shows the yearly distribution of these 2 tests
reported through the voluntary program. The number
of IDX tests increased substantially after 2012 due
to the rising use of IDX as the primary test and the
USDA'’s subsidies provided for testing. As previously
mentioned, although the tests are designed to diagnose
the same pathogen using the same technique, it is chal-
lenging to maintain good agreement of ELISA test kits
for MAP detection between them, even when using the
same antibodies in the same broad population (McK-
enna et al., 2006). Using the test outcomes as a trait,
as exemplified in this work, instead of the ELISA score,
can exacerbate the differences in diagnosis between
tests. Meanwhile, PCK is not an authorized kit for the
time being by the USDA for the diagnosis of MAP, and
its future use remains uncertain (USDA, 2023). Ad-
ditionally, the combination of 2 different tests will be
subject to confirmed agreement in either genetic corre-
lation or validation tests between them. A preliminary
multi-trait variance component estimation based on a
threshold model using the same parameters and the set
of the same animals resulted in a 0.41 genetic correla-
tion between PCK and IDX. Hence, our result supports
treating the results of both tests as different traits for
genetic evaluations.

The overall JD positive rate was 2.06% with IDX
tests and 6.7% with PCK tests, reflecting the differ-
ences between the 2 tests. Still, such a difference might
also be confounded by the nonzero yearly phenotypic
or genetic trends due to the switch of JD tests over
the years. This question is addressed in the latter sec-
tion with estimated phenotypic and genetic trends.
The average age of cows with positive results did not
change considerably between the 2 tests (53.6 + 16.24
mo for IDX vs. 52.65 £+ 16.31 mo for PCK). Hence, we
excluded the age of cows at testing as an influential
factor for the different JD positive rates between the 2
tests. In fact, the testing methods based on ELISA and
fecal PCR, for instance, are not able to detect the infec-
tion time, but instead, the response of the organism
to MAP translated as an increase in antibody produc-
tion and shedding into the environment, respectively.
An infected animal, in this case, can pass undetected
by the test until the organism has produced sufficient
antibodies, often after years. As a milk-based ELISA
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Figure 1. Yearly distributions of Johne’s disease tests using 2 Enzyme-Linked Immunosorbent Assay (ELISA) kits, IDX (Idexx) and PCK

(Parachek).

test, the incidence rate in a herd is tied to the onset of
lactation, in which the age of animals can vary among
farms.

Accordingly, the JD positive rates varied substan-
tially in lactations (Table 1), which is expected if the
epidemiological profile of the disease is considered
(Whittington et al., 2017). For the PCK tests, the av-
erage JD-positive rate increased steadily from 4.8% at
lactation 1 to 9.1% at lactation 3 and then declined
afterward (6.3 — 7.9%). For the IDX tests, the average
JD positive rate increased from 1.8% at lactation 1 to
3.8% at lactation 4 and declined afterward (3.4 —4.3%).
Overall, the JD positive rate per lactation was higher
with PCK compared with IDX. The weighted average
of JD-positive rates between the 2 tests increased dras-
tically from lactation 1 (1.8%) to 4 (5.0%) and did not
change substantially for lactation 5 and beyond. For
either test, the overall positive rate at the fourth lacta-
tion was approximately twice as much as that at the
first lactation. Also, due to the temporal switch of JD
tests, the number of genotyped animals with PCK tests
was far less than that with IDX tests because PCK kits
were primarily used before 2010, when high-through
genotyping was less popular.

Variance components and heritability estimates

Variance components and heritability estimates were
obtained using 3 models: a pedigree-only threshold
model (THR), a single-step threshold model (ssTHR),
and a single-step linear model (ssLR) (Table 2). With
ssLR, we estimated the genetic variance to be between
0.001 and 0.005, the herd-year-season variance between
0.001 and 0.003, and the residual variance between 0.02
and 0.05, respectively, for both tests. The estimated
heritability was 0.05 for IDX and 0.09 for PCK. The 2
threshold models postulated a liability variable under-
lying the binary JD test outcomes (positives vs. nega-
tives) when fixing the residual variance to 1.0. These 2
threshold models estimated the genetic variances to be
between 0.16 and 0.25 and the herd-year-season vari-
ance between 0.18 and 0.25. The heritability estimates
were 0.13 and 0.17 for IDX and PCK, respectively.
While ssLR had lower variance components than the
2 threshold models, they had proportionally higher
residual variances. Hence, the estimated JD heritabil-
ity with ssLR was lower than those obtained with the
2 threshold models. Overall, our heritability estimates
for JD susceptibility (or liability to JD susceptibility)

Table 1. Overall Johne’s disease incidence rate (positive % versus negative %) and positive rate (%) by lactation observed in US Holstein cattle!

Overall Positive rate (%) by lactation (number of animals)
Diagnostic test? N Negative % Positive % 1 2 3 4 5+
PCK 94,639 93.35 6.64 4.83 7.56 9.11 7.91 6.30
(19495) (4672) (23452) (16623) (10397)
IDX 271,341 97.20 2.80 1.75 2.80 3.84 4.32 3.59
(116084) (86543) (42850) (18175) (7680)
Weighted average — 96.18 3.82 1.76 3.17 4.48 5.04 5.17
(135579 (111215) (66302) (34798) (18086)

’PCK: Parachek tests; IDX: Idexx tests; Weighted average: average of results weighted by the number of records per diagnostic test.
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are within the range (from 0.04 to 0.18) of previous
heritability estimates for serum ELISA phenotypes
measured in various Holstein populations in the lit-
erature (Gonda et al., 2006; Hinger et al., 2008; Berry
et al., 2010; Shook et al., 2012). Note that the previ-
ous studies mainly reported within-herd heritabilities,
whereas ours were cross-herd heritability estimates. If
the herd-year-season variance component is removed
from the denominator of the heritability formula, the
within-herd heritability estimates would be slightly
higher (i.e., 0.05 - 0.20).

The 2 threshold models gave similar heritability
estimates, and adding genomic information did not
significantly alter the posterior variance components.
However, the estimated heritability for PCK test re-
sults was higher than that for IDX test results based on
all 3 models. This difference could be the result of the
intrinsic differences between the diagnostic tests that
possibly captured genetic and environmental variations
differently. Still, the impact of sampling sizes could also
matter. In the present study, the number of animals
with IDX tests was 2.87 times as many as those with
PCK tests. Statistically, a large sample size leads to
more precise estimates. Hence, the standard errors of
heritability estimates for the IDX tests were signifi-
cantly smaller than those for the PCK tests (Table 2).
The heritability estimates obtained from the 2 thresh-
old models were higher than those of the linear model
for the reason explained before. Somewhat differently,
Gonda et al. (2006) reported higher heritability esti-
mates with linear models than with threshold models.
This difference could arise from varied JD incidence
rates between studies. The JD incidence rates in this
study were 2.8% for IDX tests, 6.6% for PCK tests, and
3.8% as a weighted average, respectively, which were
considerably lower than the JD incidence rates (7.7%,
ranging from 4.7% to 12.4%) in the Holstein cows used
by Gonda et al. (2006). For a ratio variable, the vari-
ance depends on its mean (i.e., average incidence rate)

such that the variance of a linear binary trait decreases
substantially as the incidence rate drops. For example,
let the phenotypic variance for a 50:50 (JD positives vs.
negatives) incidence rate be 100%. Then, a 20% posi-
tive incidence rate would retain 64% of the phenotypic
variance. When the positive incidence rate dropped to
7.7%, it could retain 28.4% of the phenotypic variance.
However, when the positive incidence rate fell further to
2.9%, it could only retain 11.3% of the phenotypic vari-
ance. The smaller the JD incidence rate, the more the
JD phenotypes deviate from the normal distributions.
Possibly, a linear model did not effectively capture
the variation of the phenotypes. Instead, our results
showed that a threshold model could perform better
than a linear model to effectively capture the variance
components, particularly when the disease incidence
rate was low. Hence, given the binary nature of these
traits, a threshold model can be more appropriate when
the incidence rate in the minor category is low (Lynch
and Walsh, 1998).

Kirkpatrick and Lett (2018) also reported higher
heritability estimates with threshold models (0.157 to
0.186) than linear models (0.041 to 0.062) using a data
set that partially overlapped with ours. They showed
that heritability estimates increased as data were re-
stricted to herds with presumed higher MAP exposure
for the linear model. In another study, van Hulzen et
al. (2012) analyzed log-transformed ELISA test results
(percentage S/P + 50) as the dependent variable in
a linear mixed-effects model. They showed that the
phenotypic variance increased concurrently with an in-
crease in within-herd test prevalence. Additionally, they
observed an increase in heritability due to increased
genetic variance relative to phenotypic variance. At-
talla et al. (2010) reported higher heritability estimates
for milk ELISA test results with the linear model (h*
= 0.08) than the threshold model (h* = 0.065) when
ignoring the maternal genetic effects. Still, they found
lowered heritability estimates with the linear model (h*

Table 2. Variance components and heritability estimates® (SD) for Johne's disease (JD) susceptibility (or liabilities to JD susceptibility) in US
Holstein dairy cattle diagnosed by two different test kits: Idexx and Parachek. 2

THR ssTHR ssLR
IDX PCK IDX PCK IDX PCK
h’ 0.13 (0.01) 0.16 (0.12) 0.12 (0.003) 0.17 (0.01) 0.05 (0.003) 0.09 (0.008)
‘7; 0.17 (0.02) 0.23 (0.03) 0.16 (0.02) 0.25 (0.05) 0.001 (0.00-09) 0.005 (0.0002)
a,%ys 0.18 (0.01) 0.24 (0.01) 0.18 (0.009) 0.25 (0.02) 0.001 (0.0004) 0.003 (0.0005)
o’ 1 (0.003) 1 (0.003) 1 (0.003) 1 (0.003) 0.02 (0.0009) 0.05 (0.0005)

'PCK: Parachek tests; IDX: Idexx tests;.

*Variance and covariance components were estimated using three statistical models: a pedigree-based threshold model (THR), a single-step

threshold model (ssTHR), and a single-step linear model (ssLR).

312 oy 2 . . 2 . 2 : .
h” = heritability; o, = genetic variance; Thys = herd-year-season variance; o;, = residual (error) variance.
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= 0.075) than with the threshold model (h* = 0.095)
when the genetic variance included the maternal genetic
variance. Based on these results, Attalla et al. (2010)
stated that there was no solid evidence to recommend
a linear model over a threshold model for genetic evalu-
ation. Note that the linear trait in their analysis is not
binary scores per se but the natural log of the optical
density results obtained with a PCK diagnostic test.

The herd-year-season variances are similar to the
additive genetic variance for all models but can vary
substantially depending on actual model settings. Fac-
tors such as herd size and distribution may interfere
with its variance. For JD, grouping the animals by
their herd-year-season combinations is conceptually dif-
ferent. The transmission of the disease is intrinsically
linked to the environment and is known to be more
active in larger herds (>200 cows; Wolf et al., 2014;
Corbett et al., 2018). While most studies do not report
herd or herd-year-season sizes, and when present, the
effect is included in the model as fixed. Thus, direct
comparisons between our study and previous ones may
not be accurate. To our knowledge, our study utilized
the largest JD data set that has been obtained so far to
evaluate genetic parameters for this disease. The total
number of herds was larger than those reported in the
literature, but the average herd size in this study was
349 (max = 19,351 animals). As larger herds tend to
have more active transmission, we believe the number
of herds and herd size may display lower variance be-
tween groups. We also note that 97% of the animals
originated from only 3 states with similar weather and
management practices may contribute to less variable
herd incidence. By adding year-season as a grouping
factor, more variance is expected to be captured by the
variable. For JD, however, changes in the prevalence
of the disease across time are not common, and once
infected, the herd tends to continue to be positive (Cor-
bett et al., 2018).

Reliabilities of (genomic) estimated breeding values

The reliabilities of (genomic) estimated breeding
values for JD susceptibility based on the linear model
(or liability to JD based on the threshold models) were
generally low to moderate, with standard errors vary-
ing from 0.07 to 0.18 (Table 3). Overall, the standard
deviation (error) of the reliability of susceptibility to
JD was relatively large, possibly suggesting a wide
genetic diversity concerning the susceptibility to JD.
Yet, it could also result from inconsistent data qual-
ity concerning the JD tests and diverse management
practices affecting the JD incidences among herds over
the past 2 decades. When considering all animals in
the pedigree, the overall reliability means were 0.18
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(THR), 0.21 (ssTHR), and 0.22 (ssLR) for IDX, and
0.14 (THR), 0.18 (ssTHR), and 0.18 (ssLR) for PCK.
The average reliabilities of JD susceptibility in the
present study were comparable to previously reported
reliabilities for metabolic diseases (14.6 — 33.7%) but
lower than the genomic reliabilities for mastitis (65.8
— 76.6%) (Parker Gaddis et al., 2020). Sanchez et al.
(2022) reported high (0.55) genomic reliabilities for
JD resistance in French Holstein cattle. However, their
results are not directly comparable to ours because,
conceptually, JD resistance is not precisely the same as
JD susceptibility, as a low JD susceptibility indicates a
high JD resistance. Besides that, Sanchez et al. (2022)
used an approximation method to calculate reliabilities
that differed from ours.

Including genomic information led to higher overall
average reliabilities for IDX (0.21) with the single-step
threshold model, compared with the pedigree-based
threshold model (0.18). While the same effect was ob-
served for PCK, the increase could not be attributed
to the use of genotyped animals because only 164 were
present in the final data set. These reliabilities were
obtained based on animal models, which may differ
from a sire or sire-maternal-grandsire model. Sire mod-
els were widely used in genetic evaluations. Still, they
may underestimate or overestimate EBVs because as-
sumptions such as no genetic relationships between sire
and dam and random mating are usually not met in
dairy cattle breeding. In contrast, an animal model can
provide more consistent estimates (Sun et al., 2009).

The distributions of reliabilities of JD are shown in
Figures 2 (IDX) and 3 (PCK). Based on the THR mod-
el, most animals had low to moderate (<0.5) reliabili-
ties, yet there were 0.5% of animals with 0.50 reliability
or higher. With the ssTHR model, including genomic
information led to a slightly larger percentage (4.1%)
of animals with reliabilities higher than 0.50. The ssLR
model had a similar pattern of reliability group distri-
butions except fewer animals with reliabilities greater
than 0.50. For the PCK tests, a considerable percent-
age (b5%) of the animals had low (<0.2) reliabilities.
Again, including genomic information in the single-step
models (ssTHR) led to more animals with reliabilities
of 0.20 or more compared with THR. Around 0.31%
of the animals had reliabilities of 0.50 or higher with
ssTHR, whereas the same category only accounted for
0.001% (THR) of the animals.

Furthermore, the reliabilities were calculated by sub-
groups of animals, that is, cows with their own records,
sires (dams) with records measured in their daughters,
and sires of cows without phenotype (Table 3). Overall,
the EBV of the liabilities to JD for sires were higher
on average than those for cows or dams. As expected,
sires of cows with phenotypes had higher reliabilities
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Table 3. Reliability estimates (standard error) of genomic and pedigree-based estimated breeding values for Johne's disease susceptibility in

US Holstein dairy cattle *?

N THR ssTHR ssLR
IDX PCK IDX PCK IDX PCK IDX PCK
Overall 638,316 247,031 0.18 (0.14)  0.14 (0.11) 0.21 (0.12)  0.18 (0.13) 0.22 (0.14)  0.18 (0.13)
Cows with phenotype 271,341 94,639 0.31 (0.07) 0.30 (0.08)  0.31 (0.11) 0.27 (0.08)  0.30 (0.11) 0.25 (0.10)
Sires of cows with phenotypes 13,000 8,658  0.41 (0.17) 0.35 (0.15)  0.38 (0.17) 0.32 (0.14)  0.41 (0.15)  0.36 (0.13)
Dams of cows with phenotypes 196,846 60,212 0.24 (0.10)  0.21 (0.11) 0.23 (0.11)  0.19 (0.11) 0.25 (0.12)  0.20 (0.12)
Sires of cows with no phenotype 25,693 14,927  0.18 (0.13)  0.18 (0.15) 0.20 (0.14)  0.17 (0.11) 0.22 (0.14)  0.21 (0.18)

!Johne’s disease was diagnosed with two test kits: Parachek tests (PCK) and Idexx tests (IDX);.

“Reliabilities were calculated for (genomic) estimated breeding values based on three statistical models: a pedigree-based threshold model
(THR), a single-step threshold model (ssTHR), and a single-step linear model (ssLR).

than sires of cows without phenotypes. Across models,
sires of cows with no phenotypes for IDX seemed to be
under the more significant impact (@ 4% of the change
in reliability), suggesting that the shift in overall reli-
ability observed in Figure 2 may be linked with this
category. For PCK, on the other hand, only dams of
cows with phenotypes appeared not to be influenced
by the change in models. In contrast, other categories,
especially cows with phenotypes, were sensitive to
both different phenotype formats and the inclusion of
genotypes in the evaluation. In other words, the shift
of animals from the 0.05 to 0.1 category to the 0 to

THR model

0.05 category between THR and ssTHR models, for
instance, could result from an impact on all subgroups
collectively.

The addition of genomic information in a genetic
analysis aims to better estimate breeding values for
animals that lack genotypes through an improved re-
lationship matrix. Although for some categories (i.e.,
sires of cows with phenotype) there was no significant
change in reliability with the addition of genomic infor-
mation, sires of cows without phenotype had consider-
ably higher reliabilities. Conceptually, this category is
the one that benefits from the single-step approach. As

0-0.05 0.05-0.1 0.1-0.15  0.15-02  0.2-0.25

ssTHR model

0.25-0.3
Reliability

0.3-0.35 0.35-04 0.4-045 0.45-05 >=0.5

0-0.05 0.05-0.1 0.1-0.15  0.15-02  0.2-0.25

ssLR model

0.25-0.3
Reliability

0.3-0.35 0.35-0.4 0.4-045 0.45-0.5 >=0.5

0-0.05 0.05-0.1 0.1-0.15  0.15-0.2  0.2-0.25

0.25-0.3

0.3-0.35 0.35-04 0.4-045 0.45-0.5 >=0.

Reliability

Figure 2. Overall reliabilities of Idexx test for Johne's disease in US Holstein dairy cattle obtained using 3 models: pedigree-based threshold
(THR), single-step threshold (ssTHR), and single-step linear (ssLR) models.
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Figure 3. Overall reliabilities of Parachek test for Johne's disease in US Holstein dairy cattle obtained using 3 models: pedigree-based thresh-
old (THR), single-step threshold (ssTHR), and single-step linear (ssLR) models.

sires of cows with no phenotypes have a more distant
connection to the phenotypes per se and are connected
to it only by the relationship matrix, the blending of
genomic and pedigree led to more information utilized
in the genetic evaluation for this category of sires, com-
pared with other categories.

Between the 2 JD tests, the reliabilities of JD breed-
ing values were higher with the IDX tests than those
with the PCK tests because the sample sizes (and
the family sizes) with the IDX tests were larger than
those with the PCK tests. By adding genomic infor-
mation in the single-step model (ssTHR), an increase
in the reliability for all categories was expected. Yet,
the single-step approach did not significantly change
reliability values when the trait had many phenotypes.
These results coincided with the observations on feed
intake by Harder et al. (2020). For the IDX and PCK
tests, the evaluations on JD susceptibility did not vary
substantially, whether using pedigree information or
including genomic information.

Reliability corresponds to the correlation between the
estimated and actual breeding values of the animals.
Consequently, models with higher heritability values
are expected to yield higher reliabilities. However,
the results presented in this work partially contradict
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this assumption. Despite using the same data set, the
threshold models presented higher heritabilities while
higher reliabilities were derived from the linear model.
It is important to note that regarding these 2 types of
models, direct comparisons should be taken carefully
as they are in different scales (liability and linear). The
implication of different scales in comparing reliabilities
of the same animals has been reported, suggesting high-
er values for linear models as a consequence (Tsuruta et
al., 2017). When back transformed following Dempster
and Lerner (1950), the heritabilities for threshold mod-
els were 0.04 and 0.05 for PCK using pedigree-based
and single-step models, respectively, and 0.02 for IDX
with both THR and ssTHR models. Considering the
lower converted heritabilities and reliabilities given by
the threshold model and also the computational conve-
nience of a linear model, the latter would be practically
preferred for the JD genetic evaluations.

Approximate genetic correlations

Approximate genetic correlations using sire PTAs
for ssTHR, THR, and ssLR models are presented in
Table 4. In this study, we evaluated the susceptibility
to JD. Hence, a high PTA indicates a high JD risk
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and vice versa. In view of genetic selection, negative
genetic correlations with PTA for susceptibility to JD
are beneficial to avoid unintended selection antagonism
in which the selection of favorable traits also increases
JD incidences. Overall, JD susceptibility had favorable
genetic correlations, through low (—0.01 ~-0.11), with
milk yield, fat yield, protein yield, production life, liv-
ability, and resistance to mastitis, and a positive ge-
netic correction with somatic cell account (0 ~0.07).
Relatively speaking, the genetic correlations obtained
for IDX were slightly higher than those obtained for
PCK. Among the different models, the ssTHR model
gave slightly higher genetic correlations for IDX than
THR and ssLR. For PCK, however, THR gave higher
genetic correlations than the other 2 models. These dis-
crepancies may be intrinsic to the statistical methods
or JD tests or random subjective to the samples used.

Concerning production traits (milk, fat, and protein),
the genetic correlations indicate that higher susceptibil-
ity for JD is linked with lower milk yield, fat, and pro-
tein levels (—0.09 ~-0.11 for IDX and —0.02 ~-0.10 for
PCK). Previous genetic correlation estimates of MAP
with production traits ranged from —0.44 to 0.04. For
instance, Berry et al. (2010) estimated the genetic cor-
relation between susceptibility to JD and first lactation
performance and found values varying from —0.44 for
milk yield to 0.06 for percentage of fat. On the other
hand, Attalla et al. (2010), considering linear pheno-
types for JD based on ELISA optical density, showed
correlations ranging from —0.34 for NM to —0.18 for
protein in kilograms, however, with no effect on protein
or fat percentages or milk production. Similar results
were reported when direct EBV correlations were used,
with no significant correlations for milk yield (Brito et

al., 2018). While all these genetic correlation estimates
were negative and low to modest, they were favorable
because, genetically, animals with high average yield
tended to be associated with a low risk of MAP infec-
tion.

Positive correlations between susceptibility to JD
and production traits were also documented, e.g., by
Shook et al. (2012). They estimated that the poste-
rior means of genetic correlations for MAP with yield
traits were 0.22 (MY), 0.16-0.20 (FY), and 0.15 (PY),
respectively. However, none of these genetic corrections
significantly differed from zero because their 95% high-
est posterior density (HPD) interval included zero. Two
main differences exist between our study and Shook et
al. (2012). First, the Israel Holstein population studied
by Shook et al. (2012) is genetically different from the
US Holstein population used in the present study, and
the former had a considerably lower JD incidence rate
(1.6%). They utilized a recursive model, which assumed
direct, recursive effects from MAP infection to the pro-
duction traits, but the feedback or simultaneous effects
were non-existent. The latter assumption, however,
may not be true. The weak positive genetic correlations
of MAP with the 3 yield traits suggest that animals
with high breeding values for yield may be genetically
more susceptible to Johne’s disease. Nevertheless, these
genetic correlations, including ours, are not statistically
significant. Therefore, all these genetic correlations be-
tween JD and production traits must be regarded with
some uncertainty.

Coincidently, Gonda et al. (2007) reported significant-
ly lower milk production and fat and protein content
per lactation for JD-susceptible cows. Their results also
showed that infected animals would present a produc-

Table 4. Approximated genetic correlations between Johne's Disease susceptibility and production and health-

related traits™?

THR ssTHR ssLR

IDX PCK IDX PCK IDX PCK
Trait AvRel (%) %, %, 1%, 1, %, 1%,
Milk yield 95.3 —0.08 —0.08 —0.09 —0.02 —0.05 —0.02
Fat 95.3 —0.10 —0.09 —0.10 —0.03 —0.06 —0.02
Protein 95.2 —0.10 —0.10 —0.11 —0.03 —0.06 —0.02
SCS 95.4 0.06 0.06 0.07 0.01 0.04 0.01
PL? 90.9 —0.10 —0.09 —0.11 —0.02 —0.06 —0.02
Livability 81.9 —0.04 —0.04 —0.05 —0.01 —0.02 —0.004
Mastitis 79.0 —0.06 —0.05 —0.07 0.00 —0.05 0.003

!Johne’s disease was diagnosed with two test kits: PCK: Parachek and IDX: Idexx;.

*Correlations were calculated from the correlation of sires in Johne’s Disease evaluation (n = 18509) obtained
three statistical models: a pedigree-based threshold model (THR), a single-step threshold model (ssTHR), and

a single-step linear model (ssLR).
*PL = Productive Life.

*AvRel = average reliability of bulls for production and health-related traits.

Journal of Dairy Science Vol. TBC No. TBC, TBC



Novo et al.: GENETIC EVALUATION FOR JOHNE'’S DISEASE

tive life 2.8 mo shorter than negative animals. Indeed,
the genetic correlations in our study for productive life
(—0.02 to —0.11) would indicate the same pattern. On
the other hand, livability, a trait that represents the
probability that a lactation does not end with the cow’s
death, presented a negative but more negligible correla-
tion (—0.01 to —0.04). Similarly, Shook et al. (2012)
also reported the adverse effects of MAP infection on
production traits in the Israel Holstein population,
though their genetic correlation estimates were posi-
tive. These adverse phenotypic effects of MAP infection
on production traits were included as circumstantial
evidence. It is noted that though many phenotypic and
genetic corrections between 2 traits tend to be in the
same direction, the opposite situation is also likely when
opposite residual correlations dominate the phenotypic
correlation. The latter situations, however, are fewer
than the former situations.

Genetic correlations between JD and traits such as
livability or productive life are limited in the literature,
and the available findings, as the ones observed in the
work of Brito et al. (2018), show a significant correla-
tion between bulls’” EBVs and livability (measured as
direct herd life in days) from 0.12 to 0.19. Likewise, a
significant and favorable correlation of —0.29 between
productive life and antibody response for JD was es-
timated by Attalla et al. (2010), indicating that the
selection of animals based on longevity in the herd also
decreases the susceptibility for JD. For health-related
traits such as SCS and mastitis resistance, correlations
were favorable. As an infectious disease, it is expected
that debilitated animals would have an immune re-
sponse reflected by SCS directly or by a weakened
system caused by JD that would facilitate infection of
other diseases, such as mastitis (Martins et al., 2018).

The approximate correlation with mastitis resistance
observed in this work supports this hypothesis.

Genetic trends

Annual averages of breeding values for JD suscepti-
bility (ssLR) or liabilities to JD susceptibility (ssTHR)
showed temporal decreasing trends. For example, with
the IDX tests, the annual means of JD breeding values
increased during 2002 and 2004, remained relatively
stable from 2008 to 2009, and dropped after 2009 (Fig-
ure 4). Genetic trends of JD were estimated jointly
for the 2 JD test results obtained from linear (ssLR)
and threshold (ssTHR) single-step models, respectively
(Table 5), assuming that the differences in observed JD
incidences between the 2 JD tests were non-genetic.
The genetic trends were relatively flat from 1994 to
2009 for PCK tests (Figure 6) and from 2002 to 2009
for IDX tests (Figure 5) and began to drop afterward
(Figure 5). The extent of the decrease in genetic trend
for IDX tests after 2009 was more significant with the
single-step threshold model (ssTHR) than with the
single-step linear model (ssLR). In contrast, PCK test
results did not show apparent changes in the genetic
trend over the years. The visual fluctuations in the
genetic trends between 2009 and 2017 were attribut-
able to the fact that fewer data were analyzed. There
were between 5 and 124 PCK records per year for this
period, which was insufficient to accurately estimate
the yearly means of JD incidence rate, thus leading to
inaccurately estimated genetic trends.

Although there is no official genetic evaluation or
selection program implemented for Johne’s disease
in the US, this study observed significantly (P-value
<0.01) negative, favorable trends based on the GEBV
obtained from the linear (ssLR) and the threshold

- ldexx

7.5 -+~ Parachek

5.0

Positive results (%)

0.0
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Figure 4. Phenotypic trend as the percentage of positive results relative to total tests with using 2 test kits for Johne’s Disease, Idexx and

Parachek, respectively.
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Table 5. Estimated intercepts and slopes from linear regression of genetic trends for genomic breeding values
of Johne’s disease obtained from a threshold and a linear single-step models ***

Heterogeneous intercept

Genetic trend (slope)

Model IDX PCK Estimate SE t-value Probability
ssTHR -0.0918 (0.0190) -0.1440 (0.0163) -0.0091 0.0018 -5.226 <0.001
ssLR -0.005 (0.0016) -0.1149 (0.0014) -0.0006 0.0001 -3.810 <0.001

!Johne’s disease was diagnosed with two test kits: PCK: Parachek and IDX: Idexx;.
*Genetic trends were estimated for annual means obtained from two statistical models: a single-step threshold

model (ssTHR) and a single-step linear model (ssLR);.

3SE = standard error.

(ssTHR) models, respectively. The estimated genetic
trends from the GEBV obtained from both models are
not comparable because they were not assessed on the
same scales. The threshold model estimated (genomic)
EBV on the unobserved liability scale, whereas the lin-
ear model estimated (genomic) EBV on the observed
binary scale. Still, the results from both models consis-
tently suggested a negative, favorable trend on the IDX
test results for JD, likely starting around 2004. Coinci-
dentally, the genomic selection program in US Holstein
cattle began in 2009 and accelerated after 2010 (Wig-
gans et al., 2017). The introduction of genomic selec-
tion in US dairy cattle improvement programs in 2008

has led to a significant increase in the rates of genetic
gain, particularly for traits with low heritabilities, such
as fertility, longevity, and udder health (Garcia-Ruiz et
al., 2016). Possibly, the negative, favorable trend can be
attributed to indirect genetic gain from selecting highly
genetically correlated traits, such as milk yield, somatic
cell score, and lifespan. This postulation was supported
by the results that the JD susceptibility was associ-
ated with milk yield, milk fat, and milk protein levels
and also negatively correlated with productive life and
livability in this US Holstein population. It is possible
that the favorable, negative genetic trend was associ-
ated with NM$ used in the US cattle genetic evalu-
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Figure 5. Genetic trend for the susceptibility to Johne's disease (JD) as diagnozed with the Idexx test in US Holstein cows. The JD suscep-
tibilities were estimated using single-step threshold (ssTHR) and single-step linear (ssLR) models, respectively.
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Figure 6. Genetic trend of the susceptibility to Johne's disease (JD) as diagnosed with the Parachek test in US Holstein cows. The JD sus-
ceptibilities were estimated using single-step threshold (ssTHR) and single-step linear (ssLR) models, respectively.

ations. Net merit is a selection index used to identify
animals expected to have the greatest lifetime profit
for a combination of economically important traits. It
takes into account multiple traits, including milk yield,
fat and protein yield, SCS, productive life, and daugh-
ter pregnancy rate, among others. The weights assigned
to these traits in the calculation of NM$ are determined
based on their relative economic importance to the
dairy industry.

Coincidently, Neupane et al. (2021) showed that
a moderate correlation with productive life helped
decrease replacement heifer cost resulting from the
correlated response in heifer livability and assisted in
genetic improvement programs through added selec-
tion intensity resulting from beneficial genetic cor-
relations. Recently, Sanchez et al. (2022) reported a
slightly favorable genetic trend in resistance to JD in
Holstein cattle raised in northwestern France over the
last 2 decades, also possibly resulting from the indirect
selection because of a low positive genetic correlation
(0.06) between resistance to JD and total merit index.
Besides that, ad hoc selection may also be one of the
forces that have lowered the JD incidences since 2004
because culling animals with various diseases or disor-
ders is a routine practice in many dairy farms (https:
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//queries.uscdcb.com/publish/dhi/dhi09/culll.htm).
We hold that the latter could be one of the reasons for
the reduction of JD incidences. Although our results
provided plausible evidence of indirect selection against
the susceptibility to JD due to the selection for produc-
tion and health traits throughout the years, the pace
of improvement and magnitude of correlations indicate
that the progress toward lower incidence of JD in US
herds cannot rely solely on indirect selection. With an
estimated prevalence of up to 75% of JD in dairy herds
across the US (Garcia and Shalloo, 2015), the selection
against JD susceptibility has the potential to expedite
the process.

CONCLUSION

Johne’s disease records have been collected in the
US since 2002, consisting of test results with IDX and
PCK kits. The records have accumulated substantially
over the past 2 decades. The addition of genotypes has
enabled the use of the single-step method to estimate
genetic parameters and implement genetic evaluations
to assess JD susceptibility. The overall positive rate of
JD in the US Holstein cattle was 2.80% with IDX tests
and 6.64% with PCK tests. Estimated heritabilities
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were 0.05 to 0.09 for JD susceptibilities on the observed
binary scale based on the single-step linear model and
0.12 to 0.17 for the liabilities to JD on the unobserved
liability scale based on the 2 threshold models. Our
results assert that Johne’s disease has a genetic com-
ponent upon which selection could operate to achieve
the expected genetic improvement. The reliabilities
of (genomic) breeding values for JD susceptibility (or
liability to JD) were low to moderate. There were ap-
proximately 0.001 to 4.1% of the animals with >0.5 re-
liabilities. Another motivation of this preliminary study
was to leverage the current data repositories toward the
official implementation of genetic evaluation of Johne’s
disease in the Holstein dairy breed. The JD phenotypes
and genotypes have accumulated substantially in the
available data repositories. Yet, the protocol used for
diagnosing JD should be considered because varied pro-
tocols led to systematic biases in the estimated JD in-
cidence rate. Given the discrepancies between the tests
and the low-to-moderate genetic correlations, treating
different test results as different traits in a joint multi-
trait analysis seems appropriate. The health status of
animals can be modeled linearly as a binary variable or
described by the underlying continuous liability vari-
able. Adding genomic information resulted in elevated
reliabilities of estimated genomic breeding values. The
present study utilized animal models in 3 forms, allow-
ing all relatives to contribute to the assessment of an
animal and permitting a cow to be evaluated based on
its own phenotypes. Follow-up studies are expected as
more JD phenotypes and genotypes become available.
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