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ABSTRACT

These regions included 2 single nucleotide polymorphisms located 2 kb upstream of positional candidate
genes CD86 and WNT9B, which play key roles in host
immune response and tissue homeostasis. This study
revealed the genetic architecture of MAP infection in
Canadian Holstein cattle as measured by milk ELISA
scores by estimating genetic parameters along with the
identification of genomic regions potentially influencing
MAP infection status. These findings will be of significant value toward implementing genetic and genomic
evaluations for resistance to MAP infection in Holstein
cattle.
Key
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Johne’s disease (or paratuberculosis), caused by Mycobacterium avium ssp. paratuberculosis (MAP) infection, is a globally prevalent disease with severe economic
and welfare implications. With no effective treatment
available, understanding the role of genetics influencing
host infection status is essential to develop selection
strategies to breed for increased resistance to MAP infection. The main objectives of this study were to estimate genetic parameters for the MAP-specific antibody
response using milk ELISA scores in Canadian Holstein
cattle as an indicator of resistance to Johne’s disease,
and to unravel genomic regions and candidate genes
significantly associated with MAP infection. After data
editing, 168,987 milk ELISA records from 2,306 herds,
obtained from CanWest Dairy Herd Improvement, were
used for further analyses. Variance and heritability estimates for MAP infection status were determined using
univariate linear animal models under 3 scenarios: (a)
SCEN1: the complete data set (all herds); (b) SCEN2:
herds with at least one suspect or test-positive animal
(ELISA optical density ≥0.07); and (c) SCEN3: herds
with at least one test-positive animal (ELISA optical
density ≥0.11). Heritability estimates were calculated
as 0.066, 0.064, and 0.063 for SCEN1, SCEN2, and
SCEN3, respectively. The correlations between estimated breeding values for resistance to MAP infection
and other economically important traits, when significant, were favorable and of low magnitude. Genomewide association analyses identified important genomic
regions on Bos taurus autosome (BTA)1, BTA7, BTA9,
BTA14, BTA15, BTA17, BTA19, and BTA25 showing significant association with MAP infection status.

INTRODUCTION

Johne’s disease (JD), also referred to as paratuberculosis, is a contagious and chronic, progressive intestinal
inflammatory disease caused by Mycobacterium avium
ssp. paratuberculosis (MAP). Johne’s disease is a major
economic constraint for the global dairy industry and is
a welfare issue (Geraghty et al., 2014). Economic losses
caused by JD are associated with increased premature
culling; diminished productive and reproductive performances; and reduced absorption of nutrients, which
leads to reduced feed conversion efficiency; increased
susceptibility to secondary infections, increased veterinary costs, and penalty payments due to reduced milk
quality. Mycobacterium avium ssp. paratuberculosis has
also been putatively associated with human Crohn’s
disease (Ott et al., 1999; Weber, 2006; Richardson and
More, 2009; Atreya et al., 2014; Garcia and Shalloo,
2015), making it a potential zoonotic pathogen.
The epidemiology of JD is complex, and the clinical manifestations and economic impact of the disease
in cattle can be variable depending on factors such
as herd management, age, infection dose, and disease
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prevalence. No effective treatment for JD is currently
available (Attalla et al., 2010). Johne’s disease control
programs, or voluntary pilot programs, have been
implemented in various countries including Australia,
Canada, Denmark, Iceland, Japan, the Netherlands,
Norway, the United Kingdom, and the United States
(Kennedy and Allworth, 2000; Groenendaal et al.,
2003; Gunnarsson et al., 2003; Tharaldsen et al., 2003;
Carter, 2011; Momotani, 2012; Geraghty et al., 2014;
Garcia and Shalloo, 2015; Pieper et al., 2015). However,
diagnosis of JD is difficult due to its long subclinical
incubation period and the lack of sensitive diagnostic
tests (Nielsen, 2008).
In the last decade, substantial research efforts have
focused on development of vaccines to control JD (Bannantine et al., 2014); however, high-efficacy vaccines
as well as effective treatments are still lacking; thus,
alternative approaches to limit spread of JD are urgently needed. Evidence indicates genetic variability for
resistance to MAP infection (Gonda et al., 2006; Küpper et al., 2012), demonstrating that genetic selection
might be a feasible complementary approach to reduce
or eliminate JD in dairy cattle. Genetic progress for
disease resistance is a long-term process; however, the
results are permanent and cumulative over generations.
To genetically select for JD resistance, several parameters need to be investigated such as heritability,
genetic correlations with other economically important
traits, and potential genomic regions and candidate
genes associated with the trait need to be identified
(Finlay et al., 2012; van Hulzen et al., 2014). Since
2005, CanWest DHI (www.canwestdhi.com; Guelph,
Ontario, Canada) has offered MAP ELISA testing of
milk samples to Canadian dairy producers, and a large
test data set has been assembled that can be used to
investigate the above parameters. Despite the fact that
heritability estimates for JD have been previously reported, country-specific genetic parameter estimation
is very valuable (van Hulzen et al., 2011; Küpper et
al., 2012), and estimates in updated data sets always
warrant calculation. Thus, the overall objective of this
study was to investigate genetic and genomic aspects
of resistance/susceptibility to JD. The specific objectives were to (1) estimate genetic parameters for JD
in Canadian Holstein cattle using milk ELISA MAP
test results from routinely collected milk samples,
and 3 different scenarios; (2) investigate correlations
between the sire EBV for MAP resistance and various
economically important traits; (3) perform a genomewide association (GWAS) and functional analyses for
JD to identify genetic markers and potential candidate
genes associated with the disease for use in breeding
programs; and (4) present a comprehensive literature
Journal of Dairy Science Vol. 101 No. 11, 2018

review of heritability estimates and genomic regions
significantly associated with JD in dairy cattle.
MATERIALS AND METHODS
Phenotypic and Pedigree Data

Milk samples were collected from lactating cows
across their lactation cycle. Milk ELISA test results
from March 2005 to June 2013 were obtained from
CanWest DHI (www.canwestdhi.com). The applied
ELISA test (AntelBio Milk ELISA, Antel BioSystems,
Lansing, MI) measures the amount of MAP-specific
antibody as optical density (OD) values, and was
performed according to manufacturer’s instructions
(www.antelbio.com). In the present study, only animals
between 19 and 200 mo of age at the time of ELISA
testing were included in the analyses; as JD has a very
long incubation period and older cows are, therefore,
more likely to test positive than younger cows (Nielsen
and Ersbøll, 2006).
Approximately 13% of cows had more than one ELISA test record, and because it is possible for an animal
to become seropositive during the sampling period, a
shift from MAP infection negative to MAP infection
positive ELISA test may be observed. Likewise, it is
also possible for an animal to go from MAP infection
positive to MAP infection negative according to ELISA
test results if it is not actively shedding MAP, or has
become immunologically tolerant to MAP, making it a
potential reservoir for MAP. Therefore, only one ELISA
test result (the highest OD value) was considered for
each cow. The final data set consisted of 168,987 ELISA
test records from 2,306 herds. A pedigree file containing
1,349,303 animals was generated by tracing back the
pedigrees of cows with data up to 7 generations ago.
For genetic analyses, the OD values of the ELISA test
were transformed to correct for the nonnormal distribution of OD scores as follows: ELISAT = loge(ELISA +
1), where ELISA is the OD value in the test.
Estimation of Genetic Parameters

Data were analyzed with univariate linear animal
models using the average information-REML procedure
in the derivative-free approach to multivariate analysis
software (DMU v.6; Madsen and Jensen, 2008). To
take into account within-herd exposure, variance components, heritabilities, and breeding values for MAP
infection status were calculated for 3 scenarios using
different subsets of data: (1) SCEN1: the complete
data set (all herds), (2) SCEN2: herds with at least
one suspect or test-positive animal (ELISA OD ≥0.07),
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and (3) SCEN3: herds with at least one test-positive
animal (ELISA OD ≥0.11). In matrix notation, the
model fitted was as follows:
y = Xβ + Zhh + Zaa + e,
where y is a vector of observations; β is a vector of
fixed age at test-date effects; h is a vector of random
herd-year-season effects; a is a vector of random animal
additive genetic effects; e is a vector of random residuals; and X, Zh, and Za are the corresponding incidence
matrices. Age at test-date had 6 classes: ≤24, >24 to
36, >36 to 48, >48 to 60, >60 to 72, and >72 mo.
Seasons were defined as January–March, April–June,
July–September, and October–December. Maternal effects were not a significant source of variation (P >
0.05) and, therefore, were not included in the models.
Random effects were assumed to be normally distributed with zero mean, and Var(a) = Aσa2 , Var(h) = Iσh2 ,
Var(e) = Iσe2 , where σa2 , σh2 , and σe2 are the additive genetic, herd-year-season, and residual variances, respectively; I is an identity matrix; and A is the additive
genetic relationship matrix. Heritability estimates were
calculated as
σa2

(σa2 + σh2 + σe2 ).

The resulting EBV were reversed in sign: higher EBV
indicate sires/dams with daughters more resistant to
JD. Pearson correlations between JD EBV for sires
with at least 30 daughters and their corresponding
EBV for milk yield, SCS, calving to first service, 56-d
nonreturn rate (cows), number of services (cows), first
service to conception (cows), days open, direct herd
life, overall feet and legs, and overall conformation were
calculated with PROC CORR of SAS software (ver.
9.2, SAS Institute Inc., Cary, NC).
Genotypic Data

The Canadian Dairy Network (www.cdn.ca, Guelph,
Ontario, Canada) provided pedigree, genotypes, and official evaluations for proven animals. Individuals were
genotyped using the BovineHD SNP panel (HD, Illumina, San Diego, CA) or using a lower-density panel
and accurately (Larmer et al., 2014) imputed to HD
using the FImpute software (Sargolzaei et al., 2014).
Genotype quality control was applied to exclude SNP
located on nonautosomal regions of the genome or with
unknown genome position, with very highly significant
(P < 10−6) Hardy-Weinberg equilibrium deviation,
heterozygous excess (>0.15), minor allele frequency

(<0.01), and call rate (<0.90). Animals with call rate
lower than 90% were also excluded. The number of
SNP and animals kept in the analyses was 294,064 and
3,455, respectively.
Genome-Wide Association and Functional Analyses

Genome-wide association analysis was carried out
by a mixed inheritance linear model, which included a
single-SNP regression and an animal polygenic effect.
Pseudo-phenotypes [i.e., de-regressed EBV calculated
as in VanRaden (2008) for MAP infection status of
the genotypes of animals (3,455, 3,173, and 3,091 for
SCEN1, SCEN2, and SCEN3, respectively)] were used
as response variables. The linear model was
y = 1µ + bx + Za + e,

where y was the vector of pseudo-phenotypes for MAP
infection status, 1 was a vector of ones, µ was the general mean, b was the additive allele substitution effect
of the SNP, x was the vector of allele dosages (coded as
0, 1, or 2 for BB, AB, and AA, respectively), Z was the
incidence matrix connecting additive polygenic effects
to corresponding pseudo-phenotypes, a was the vector
of additive polygenic effects, and e was the vector of
random residuals. The model assumptions were as follows: a follows a normal distribution N (0, Gσa2 ), in
which G was the genomic relationship matrix (VanRaden, 2008), and σa2 was the additive genetic variance
for JD. For random residuals, it was assumed that
e ~ N (0, Wσe2 ), where σe2 was the residual variance and
W was the diagonal matrix containing weights for the
pseudo-phenotypes (i.e., inverse of the corresponding
reliabilities). Association analyses were performed using the snp1101 software (Sargolzaei, 2014).
To account for multiple tests, 5% and 1% chromosome-wise false discovery rate (FDR) were used to
identify significant and highly significant associations,
respectively. As additional information, the number of
significant SNP at 10% FDR threshold was also presented. For completeness, GWAS results using genome-wise
FDR correction were also presented as Supplemental
Figures S1 and S2 (https://doi.org/10.3168/jds.2017
-14250). The inflation factor λ (Devlin and Roeder,
1999) and quantile-quantile plots were calculated to
compare observed distributions of –log(P-value) to the
expected distribution under the no association model
for each trait.
The significant SNP were surveyed to their corresponding genes or to surrounding genes within
a distance of 100 kb (i.e., 50 kb to each side). The
Journal of Dairy Science Vol. 101 No. 11, 2018
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Table 1. Descriptive statistics of the analyzed data (milk ELISA tests)
Item

Records, no.

Mean

SD

Minimum

Maximum

166,673
450
1,864
168,987

−0.019
0.083
0.561
−0.013

0.020
0.011
0.491
0.078

−0.20
0.07
0.11
−0.20

0.06
0.10
3.00
3.00

Negative
Suspect
Positive
Total

window size was defined based on the levels of linkage
disequilibrium in Holstein cattle reported by Sargolzaei
et al. (2008) for SNP pairs with less than 100 kb apart,
which was about 0.58 (measure as allelic r2). Functional
analyses were performed using the Ensembl Genome
Browser (Ensembl, 2017), the Database for Annotation,
Visualization and Integrated Discovery (DAVID) v6.8,
BioMart (www.ensembl.org/biomart), and the National
Center for Biotechnology Information database (NCBI,
2017).
RESULTS AND DISCUSSION
Data and Descriptive Analysis

Table 1 presents the descriptive statistics of the analyzed data. Approximately 98.63, 0.27, and 1.10% of
animals were tested as negative, suspect, and positive,
respectively. The mean (±SD) ELISA OD values were
−0.019 ± 0.020, 0.083 ± 0.011, 0.561 ± 0.491, and
−0.013 ± 0.078, for negative, suspect, positive, and all
animals, respectively. The majority of ELISA OD values
ranged from −0.06 to −0.02 (Supplemental Table S1;
https://doi.org/10.3168/jds.2017-14250). Of the 2,306
herds represented in the study, 741 herds (32%) had at
least one suspect or positive-tested animal (Table 2).
The frequency of test-positive animals was 1.1% in the
complete data set and was slightly higher if only herds
with at least one suspect or positive tested cow were
considered (2.1%). Tiwari et al. (2006) reviewed prevalence of MAP infections based on serum ELISA tests in
different Canadian provinces and reported frequencies

in the range of 1.3% (Prince Edward Island) to 7.0%
(Alberta). The ELISA OD ≥0.11 records were considered as positive tests. Attalla et al. (2010) reported that
using a 0.1 threshold level gives a specificity of 99%
and an overall sensitivity to MAP infection of 50%,
indicating the appropriateness of the chosen threshold.
It is important to note that commercial companies
providing ELISA test kits set the threshold value at
which a cow is declared positive at different levels. The
ELISA OD values were log-transformed to approximate
a normal distribution. This is supported by previous
studies that reported higher heritability estimates
and more robust parameter estimates when using logtransformed ELISA OD values compared with treating
OD values as a positive/negative binary trait for MAP
status (Hinger et al., 2008; Attalla et al., 2010). As
shown in Table 2, the frequency of test-positive animals
increased with age and was around 4.0% for cows older
than 60 mo from positive herds (Table 2), which is in
agreement with the literature (Hinger et al., 2008).
Diagnosis of JD has been attempted through various techniques such as serum and milk ELISA, fecal
bacterial culture and PCR, antigen skin testing, IFN-γ
assays, bacteriophage analysis, newly identified MAPspecific antigens, host protein expression in response to
infection, transcriptomic studies, analysis of microRNA, and investigation of the gastrointestinal microbiome (Garcia and Shalloo, 2015; Britton et al., 2016;
Pritchard et al., 2017a,b). In this study, the bovine
antibody-mediated immune response was measured as
an indicator of MAP exposure by milk ELISA; this
test is most commonly used for detection of MAP-

Table 2. Percentage of cows with a positive milk ELISA test result (ELISA optical density value ≥0.11)
All herds
(n = 2,306 herds)
Age in months
at test date
≤24
>24
>36
>48
>60
>72
All

to
to
to
to

36
48
60
72

Suspect or positive herds
(n = 741 herds)

Positive herds
(n = 630 herds)

Records, no.

Frequency, %

Records, no.

Frequency, %

Records, no.

Frequency, %

1,179
47,650
42,805
30,714
20,201
26,438
168,987

0.3
0.4
0.9
1.5
1.8
1.7
1.1

843
25,288
22,477
16,213
10,433
12,686
87,940

0.5
0.8
1.8
2.8
3.5
3.4
2.1

767
22,243
19,781
14,320
9,256
11,102
77,469

0.5
0.9
2.0
3.2
4.0
3.9
2.4
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Table 3. Estimates of variances (multiplied by 10,000) and heritability
All herds
Parameter

Estimate

( )
Herd-year-season variance (σh2 )
Residual variance (σe2 )

Additive genetic variance

σa2

Heritability1

(

Suspect or positive herds
SE

Estimate

Positive herds

SE

Estimate

SE

2.780

0.186

4.700

0.444

5.100

0.519

14.700

0.433

22.400

1.020

23.200

1.140

24.700

0.161

46.900

0.403

53.100

0.479

0.066

0.004

0.064

0.006

0.063

0.006

)

Heritability: h 2 = σa2 σa2 + σh2 + σe2 .

1

specific antibodies in infected animals, for estimation
of prevalence, and for disease control programs (Garcia
and Shalloo, 2015). In addition, the test is cost-effective
and simple to perform with a quick turnaround time as
compared with detection by culture. Consequently, it is
more practical for producers as more records are available for genetic evaluations. However, the drawback of
this method is its low sensitivity (30%) that may not
allow for detection during the early phase of infection
and could yield erroneous false-negative results.
Estimation of Genetic Parameters

This study estimated genetic parameters for the
presence of a MAP-specific antibody response in milk
of Canadian Holstein cows based on milk ELISA test
results. Estimates of variance components and heritability estimates are shown in Table 3, and they provide
information about the role of host genetics in influencing MAP infection status as determined by milk ELISA
tests. Besides the genetic capacity of the animal to resist MAP infection, a higher level of exposure to MAP
increases the likelihood of becoming infected (Gonda
et al., 2006). Therefore, as described earlier, we investigated 3 different scenarios, based on disease incidence
in the herds and observed nearly identical heritability
estimates in all the 3 data sets. The heritability estimates were 0.066 ± 0.004, 0.064 ± 0.006, and 0.063 ±
0.006 for SCEN1, SCEN2, and SCEN3, respectively. In
addition to similar heritability estimates among all 3
scenarios, EBV of sires for resistance to JD in all 3 data
sets, having at least 30 daughters, were highly corre-

lated (>0.95, Table 4), indicating that breeding values
from any of the 3 scenarios investigated could be used
for selection in breeding programs. However, similar
findings have not been observed in other populations.
For instance, van Hulzen et al. (2011) reported heritability estimates ranging from 0.031 for the complete
data set to 0.097 for herds with a minimum within-herd
test prevalence of at least 10%.
As shown in Table 5, studies performed in other
populations have also reported that MAP infection status is under genetic control with heritability estimates
ranging from 0.03 to 0.27. Differences among these
studies may be due to many factors such as various
diagnostic tests, variable disease incidence in the studied populations, different management practices, the
population under investigation (as genetic parameters
are population-specific), trait definitions, statistical
models, pedigree depth, data editing, and others. In our
study, maternal effects were not a significant source of
variation (P > 0.05) and, therefore, were not included
in the statistical models; this is in agreement with other
studies that reported contribution of maternal effects to
JD phenotypic variance lower than 1.5% (Mortensen et
al., 2004; Attalla et al., 2010; Pritchard et al., 2017a).
Correlations with Other Traits

Correlations among sire EBV for resistance to MAP
infection and official genomic breeding values of various economically important traits are given in Table 6;
higher EBV for routinely evaluated traits in Canada
are considered favorable, the exception being SCC. A

Table 4. Correlations of EBV for all 3 scenarios (SCEN) including only EBV from sires with at least 30
daughters for resistance to Johne’s disease (above diagonal) or including only EBV from genotyped bulls
(below diagonal)
Scenario
All herds (SCEN1)
Suspect or positive herds (SCEN2)
Positive herds (SCEN3)

All herds
0.964
0.947

Suspect or positive herds

Positive herds

0.970

0.960
0.990

0.996
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—
HOL

HOL

HOL

HOL

HOL

HOL
HOL

HOL
JER

HOL
HOL
HOL
HOL
HOL

The Netherlands
United States

Denmark

Germany

United States

Germany

The Netherlands
United Kingdom

Ireland
United States

Israel
Ireland

4,694
4,789
4,789
4,789
4,789

4,581
2,861

684,364
40,142

4,524

21,514

11,129

11,535

3,020
4,603

N
3

Serum
Serum
Serum
Serum
Serum
Serum

ELISA + fecal culture
ELISA
ELISA
ELISA
ELISA
ELISA

Serum ELISA
Serum ELISA

Milk ELISA
Milk ELISA

Serum ELISA

Milk ELISA

Fecal culture

Postmortem examination
Fecal culture
Fecal culture
Serum ELISA
Serum ELISA
Serum ELISA
Serum ELISA + fecal culture
Milk ELISA

Phenotype used

2

Heritability2 (±SE)
0.06 ± 0.037
0.153 (PSD = 0.115)
0.125 (PSD = 0.096)
0.159 (PSD = 0.090)
0.183 (PSD = 0.082)
0.091 (PSD = 0.053)
0.102 (PSD = 0.066)
0.102
0.091
0.101
0.195 ± 0.054
0.157 ± 0.024
0.080
0.0645
0.1398 ± 0.0534
0.0617 ± 0.0249
0.0807 ± 0.0293
0.0697 ± 0.0241
0.031 to 0.097
0.06 ± 0.006
0.06 ± 0.007
0.07 ± 0.03
0.079 ± 0.034
0.269 ± 0.117
0.200 ± 0.106
0.197 ± 0.093
0.157 (PM = 0.058)
0.140 (PM = 0.048)
0.07 ± 0.024
0.10 ± 0.029
0.15 ± 0.062

HOL = Holstein; JER = Jersey.
PSD = posterior standard deviation; PM = posterior mean.
3
Bacterial culture of intestinal tissue, histopathology, and Ziehl-Nielssen staining.

1

Breed1

Country

Table 5. Heritability estimates for Johne’s disease reported in the literature

Threshold
Threshold
Bivariate threshold
Linear
Bivariate linear
Threshold
Threshold
Bivariate linear
Univariate linear
Univariate linear
Threshold sire
Threshold animal
Linear
Threshold
Threshold sire model
Threshold animal model
Linear sire model
Linear animal model
Sire-maternal grandsire model
Linear animal model
Sire model
Linear
Linear
Threshold
Ordered threshold
Bivariate threshold
Bivariate threshold
Threshold
Linear
Binary linear
Binary threshold

Model

Shook et al., 2012
Berry et al., 2010

Bermingham et al., 2010
Zare et al., 2014a

van Hulzen et al., 2011
Pritchard et al., 2017a

Hinger et al., 2008

Attalla et al., 2010

Küpper et al., 2012

Mortensen et al., 2004

Koets et al., 2000
Gonda et al., 2006

Reference
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higher genetic merit for milk yield was not associated
with higher susceptibility to MAP infection. In general,
there is no clear consensus in the literature regarding
milk production traits; however, most correlations,
when significant, are of low magnitude. For instance,
Mortensen et al. (2004) observed a genetic correlation
near zero (−0.037) with daily milk yield, and Pritchard
et al. (2017a) reported favorable, but generally weak,
genetic correlations with 305-d milk yield (−0.16), 305d protein yield (−0.16), loge-transformed lactation-average SCC (0.15), and the number of mastitis episodes
(0.22). Considering MAP serological response as both
a binary and a continuous trait, Berry et al. (2010)
reported negative and significant genetic correlations,
and negative but not different from zero correlation
between MAP serological response and yield traits,
respectively. In another study, Attalla et al. (2010) reported a nonsignificant correlation between MAP milk
ELISA scores and milk yield, whereas for fat (−0.20)
and protein yield (−0.18) correlations were significant
and negative. With regards to udder health traits,
Pritchard et al. (2017a) reported significant positive
genetic correlations between milk antibody response
and udder health traits such as log-transformed SCC
and number of mastitis episodes, implying that animals
predisposed to higher SCC or mastitis may also mount
a higher antibody response during MAP infection;
therefore, selection for lower MAP antibody response
could be favorable for udder health. Shook et al. (2012)
reported unfavorable genetic correlations that ranged
from 0.14 to 0.22 for MAP infection with milk production traits; however, these estimates were associated
with high confidence intervals that also contained zero
values.
Desirable significant antagonistic correlations between MAP infection status and calving to first service
and longevity were observed in our study (Table 6),
implying that selection for these traits could reduce

susceptibility to MAP infection (as measured by milk
ELISA). Pritchard et al. (2017a) reported that genetic
correlations between MAP antibody response and different fertility traits were low, negative, and not significant. Additionally, Berry et al. (2010) found low,
nonsignificant correlations between MAP serological
response and calving interval and perinatal mortality.
In the context of longevity, a higher culling rate among
cows testing positive for MAP infection is expected
(Hendrick et al., 2005; Smith et al., 2010).
Similar to calving-to-first-service and longevity traits,
favorable correlations were also observed for traits such
as overall score for feet and legs and overall score for
conformation (Table 6). Attalla et al. (2010) observed
statistically significant negative correlations of productive life and net merit with sire breeding values for
OD value and Kudahl and Nielsen (2009) found that
slaughter weight and value were reduced by 10 and
17%, respectively, for ELISA-positive cows compared
with test-negative cows.
GWAS and Functional Analyses

To better understand the genetic basis of MAP infection status, we also performed a GWAS aiming to identify genomic regions significantly associated with the
trait. As shown in Figures 1 and 2 (Manhattan plots)
and Table 7 and Supplemental Table S2 (https://doi
.org/10.3168/jds.2017-14250), various chromosomal
regions were significantly associated with MAP infection status. The most significant peaks were located
on chromosomes BTA1, BTA15, BTA17, and BTA19.
The total number of significant SNP identified at a
chromosome-wise FDR of 1, 5, and 10% was 0, 45, and
176 for SCEN2, respectively, and 7, 73, and 232 for
SCEN3, respectively. The GWAS were performed only
for SCEN2 and SCEN3, as SCEN1 also included data
from herds in which the infectious agent might not have

Table 6. Estimated breeding value correlations between Johne’s disease and other routinely evaluated traits
(n = sires with at least 30 daughters for resistance to Johne’s disease)
Trait
Milk yield, kg
SCS
Calving to first service, d
56-d nonreturn rate, cows
Number of services, cows
First service to conception, cows
Days open
Direct herd life, d
Overall feet and legs
Overall conformation

All herds
(n = 813 sires)

Suspect or positive herds
(n = 351 sires)

Positive herds
(n = 319 sires)

−0.07
−0.03
0.09*
−0.01
0.02
0.04
0.06
0.12**
0.14***
0.15***

−0.08
−0.06
0.11*
−0.01
0.02
0.07
0.10
0.19***
0.26***
0.25***

−0.09
−0.04
0.10
−0.01
0.03
0.07
0.09
0.18**
0.26***
0.25***

Significant correlations: *P < 0.05, **P < 0.01, ***P < 0.001.
Journal of Dairy Science Vol. 101 No. 11, 2018
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Figure 1. Manhattan plot for milk ELISA positivity for Mycobacterium avium ssp. paratuberculosis (MAP)-specific antibodies (as an indicator of resistance to Johne’s disease) using data only from herds that had at least one positive cow (scenario 3). Green stars represent significant
markers at 5% chromosome-wise false discovery rate. Color version available online.

been present (i.e., animals were not disease challenged).
The majority of genomic regions significantly associated with JD were identified in both GWAS scenarios.
However, no significant markers at 1% FDR were identified in SCEN2, which indicates that the inclusion of
only positive herds (SCEN3) might have provided more
power to detect significant associations. Figure 3 presents the –log(P-value) estimates for the markers significantly associated with JD in both SCEN2 and SCEN3
at a 10% chromosome-wise FDR (which includes all
significance levels). The results indicate that the large
majority of markers were identified by both scenarios.

Supplemental Figures S1 and S2 (https://doi.org/10
.3168/jds.2017-14250) present the markers significantly
associated with JD at 5% genome-wise FDR correction.
The peaks on BTA1, BTA7, BTA14, BTA15, BTA17,
and BTA19 were also detected when using a genomewise FDR threshold. As expected, in this case the number of genomic regions identified was smaller compared
with the chromosome-wise FDR correction. However,
the main objective of using chromosome-wise FDR is
to be less strict (and, therefore, to have more power
to detect associations), but at the same time to account for the fact that there are more hypothesis tests

Figure 2. Manhattan plot for milk ELISA positivity for Mycobacterium avium ssp. paratuberculosis (MAP)-specific antibodies (as indicator of
resistance to Johne’s disease) using data from herds that had at least one suspect or positive cow (scenario 2). Green stars represent significant
markers at 5% chromosome-wise false discovery rate. Color version available online.
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Table 7. Number of markers significantly associated with susceptibility/resistance to Johne’s disease at 0.01, 0.05, and 0.10 chromosomewise false discovery rate (FDR) for scenario (SCEN) 2 (suspect or positive herds) and SCEN3 (positive herds) and candidate genes harboring
significant markers
SCEN21

SCEN3

Chromosome

0.05

0.10

0.01

0.05

0.10

Candidate genes

BTA1

24

150

2

54

154

BTA7
BTA9
BTA10
BTA14
BTA15
BTA17

3
1
1
1
4

4
1
1
1
1
4

4

2
11

1
3

1
8

1
1
10

BTA19

3

3

1

5

51

BTA21
BTA25

1
3

1
5

1

2

BTA27
Total

4
45

6
177

73

232

CD86,2,3 CASR,2,3 ZBTB20,2,3 MIR568,2,3 ZPLD1,2
KALRN,2,3 LOC101909195,2 ALCAM,2,3 TFG,2,3 STXBP5L,2 ZBTB20,2
CADM2,2 LOC529036,2 ADGRG7,3 LOC5290363
ENSBTAG000000443252,3
THBS2,2 RPS6KA22
SDR39U1,3 TBC1D21,3 KHNYN,3 CBLN3,3 NYNRIN3
ENSBTAG00000047065,3 ENSBTAG000000458153
ENSBTAG000000246482,3,4
TDO2,2,3,4 ENSBTAG00000011063,2,3,4 ENSBTAG00000042385,2,3,4 ASIC5,2,3,4
GLRB,2,3 ADGRD1,2 TTC29,2 ENSBTAG000000448382
IGF2BP1,2,3,4 CCDC42,2 MFSD6L,2 ENSBTAG00000043290,2 PIK3R5,2
PIK3R6,2 RNFT1,2 NTN1,2 ENSBTAG00000044065,3 NOL11,3 WNT9B3
—
TNRC18,2,3 FBXL18,2,3 ATP2A1,3 RABEP2,3 SH2B1,3
ENSBTAG00000032122,3 TUFM,3 ENSBTAG00000047397,3 NFATC2IP,3 and
ATXN2L3
ZMAT4,3 LOC536257,3 IDO1,3 IDO2,3 ENSBTAG000000449073

7

1

There were no significant SNP at 1% FDR.
SCEN3 and 5% FDR.
3
SCEN2 and 5% FDR.
4
SCEN3 and 1% FDR.
2

in chromosomes with more markers (usually the longer
ones). By applying FDR correction at the chromosome
level, we account for the number of tests within each
chromosome and, therefore, we keep the same FDR
level across the whole genome.
Quantile-quantile plots comparing the observed
distribution of –log (P-value) to the expectation under null hypothesis are shown in Figure 4. The plots
show a distribution relatively close to the expected
distribution line for SCEN2 (λmedian = 1.1937 and λmean
= 1.1413) and SCEN3 (λmedian = 1.1873 and λmean =
1.1341), indicating no issue of population substructure
or cryptic relatedness inflating P-values. As discussed
by Nayeri et al. (2016), when an HD panel is used in
single marker-association analysis, a large number of
markers in linkage disequilibrium may potentially display association (and similar low P-values) with the
same QTL region; this yields many significant tests
that are not independent and, therefore, deviate from
the expected distribution of test statistics. However,
this does not imply inflation of P-values. As discussed
by Yang et al. (2011), in the cases where there is a large
inflation of P-values, it should be accounted for. Thus,
corrected P-values would be used for FDR correction.
Table 7 also presents a list of candidate genes (n =
59) either containing significant SNP or within 200 kb
of the immediate surrounding genomic region of the
significantly associated SNP. For instance, the gene

ALCAM (activated leukocyte cell adhesion molecule)
has been associated with immunological synapses [Gene
Ontology (GO):0001772] and the T-cell receptor complex (GO:0042101), and the genes NFATC2IP (nuclear
factor of activated T-cells 2 interacting protein) and
ENSBTAG00000032122 (CD19 molecule) were also related to important functions such as cell signaling during
the immune response (GO:0006968). In addition, IDO1
(indoleamine 2,3-dioxygenase 1) has been associated
with cytokine production involved in the inflammatory
response (GO:0002534) and positive regulation of the
induction of T-cell tolerance (GO:
0002666), chronic
inflammatory response (GO:0002678), type 2 immune
response (GO:
0002830), inflammatory response (GO:
0006954), and regulation of apoptosis (GO:0043065).
Two SNP (rs134528210 and rs41922558) that were
associated with MAP infection status were 2 kb
upstream of positional candidate genes CD86 and
WNT9B, respectively. The co-stimulatory molecule
CD86 is expressed on antigen-presenting cells, such
as macrophages and dendritic cells, and initiates and
maintains CD4+ T-cell activation and proliferation
(Vasilevko et al., 2002; Lim et al., 2012). In the context
of JD, activation of CD4+ T-cells by antigen-presenting
cells is critical in eliciting a cellular adaptive immune
response to clear MAP infection during the early stages
of JD pathogenesis (Coussens, 2001). Chen et al. (2009)
have reported pro-inflammatory induction properties
Journal of Dairy Science Vol. 101 No. 11, 2018
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Figure 3. Plot of the –log10 (P-value) estimates for the significant SNP (at all significance level thresholds considered in this study, i.e., up
to 10% false discovery rate correction) identified in either SCEN2 or SCEN3 scenarios. Color version available online.

of CD86 where they observed increased expression of
CD86 along with the proliferation of CD4+ and CD8+
T cells in the intestinal mucosa of patients with Crohn’s
disease, a human inflammatory bowel disease. Some
other SNP (rs43243282, rs43243290, rs43243293, and
rs43243295) present in the CD86 intron region were
also found to be significantly associated in this study.
The rs41922558 SNP is positioned 2 kb upstream of
the functional candidate gene WNT9B. This gene belongs to the Wingless-type MMTV integration site gene

family, and the association of members of this gene family with JD is well documented. For instance, Pauciullo
et al. (2015) reported a significant association of SNP
(rs43390642) in the WNT2 promoter region with JD
susceptibility. In addition, van Hulzen et al. (2011) reported the presence of WNT2 gene within the identified
QTL on BTA4 and its possible association with JD.
Members of WNT gene family, through the β-catenin
signaling pathway, play a role in fibrosis and tissue homeostasis (Guo et al., 2012). Määttänen et al. (2013)

Figure 4. Quantile-quantile plot for association with milk ELISA positivity for Mycobacterium avium ssp. paratuberculosis (MAP)-specific
antibodies [as indicator of resistance to Johne’s disease; SCEN2 and SCEN3 scenarios in the left and right, respectively]. The straight line (red)
shows the expected distribution of P-values; the dotted line (blue) shows the observed distribution of P-values. Color version available online.
Journal of Dairy Science Vol. 101 No. 11, 2018

Settles et al., 2009; Pant et al., 2010; Zanella et al., 2011; Minozzi et
al., 2012; Alpay et al., 2014; Zare et al., 2014a
Kirkpatrick et al., 2011; Alpay et al., 2014; Sallam et al., 2017
Settles et al., 2009; Kirkpatrick et al., 2011; Zare et al., 2014b; Kiser et
al., 2017
Kirkpatrick et al., 2011; van Hulzen et al., 2012
Settles et al., 2009; Pant et al., 2010; Kirkpatrick et al., 2011; Zare et
al., 2014b

Pant et al., 2010; Kirkpatrick et al., 2011; Zanella et al., 2011; Minozzi
et al., 2012; Alpay et al., 2014; Zare et al., 2014b
Settles et al., 2009; Pant et al., 2010; Kirkpatrick et al., 2011; Minozzi
et al., 2012; Alpay et al., 2014; Zare et al., 2014b
Settles et al., 2009; Minozzi et al., 2010; Kiser et al., 2017
Settles et al., 2009; Minozzi et al., 2010; Kirkpatrick et al., 2011
Pant et al., 2010; Zare et al., 2014b; Kiser et al., 2017

Minozzi et al., 2010; Pant et al., 2010; Zare et al., 2014b

Minozzi et al., 2010, 2012; Kiser et al., 2017
Kirkpatrick et al., 2011; Minozzi et al., 2012; Zare et al., 2014b
Pant et al., 2010; Kirkpatrick et al., 2011; van Hulzen et al., 2012; Kiser
et al., 2017
Kirkpatrick et al., 2011; Zanella et al., 2011; Minozzi et al., 2012; van
Hulzen et al., 2012; Alpay et al., 2014
Settles et al., 2009; Kirkpatrick et al., 2011; Minozzi et al., 2012; van
Hulzen et al., 2012; Zare et al., 2014b; Kiser et al., 2017
Kirkpatrick et al., 2011; Alpay et al., 2014; Zare et al., 2014b
Kirkpatrick et al., 2011; van Hulzen et al., 2012
van Hulzen et al., 2012; Zare et al., 2014b
Gonda et al., 2007; Kirkpatrick et al., 2011; van Hulzen et al., 2012
Settles et al., 2009; Kirkpatrick et al., 2011; Minozzi et al., 2012; van
Hulzen et al., 2012; Kiser et al., 2017
Minozzi et al., 2012; Kiser et al., 2017
Settles et al., 2009; Kirkpatrick et al., 2011; Minozzi et al., 2012; Zare
et al., 2014b
Kirkpatrick et al., 2011
Kirkpatrick et al., 2011; Minozzi et al., 2012
Kirkpatrick et al., 2011; van Hulzen et al., 2012
Minozzi et al., 2010; van Hulzen et al., 2012
van Hulzen et al., 2012

Kirkpatrick et al., 2011; van Hulzen et al., 2012; Alpay et al., 2014

BTA1

BTA6

BTA8
BTA9
BTA10

BTA11

BTA12
BTA13
BTA14

BTA24
BTA25
BTA26
BTA27
BTA28

BTA29

ACM3, Q3SX15, ENSBTA00000018960, ZNF25, ZNF334, LOC534200, ENSBTAG00000013592,
BMS1, RET, CSGALNACT, QCE9S7

ITPR1, CTN4
EEF1E1, SLC17

BCL2A1, ZFAND6, MESDC2, IL16, MCEE

A2VDX5, IRX5

PARP1, POLR1D, PSEN2, CABC1, SCCPDH, MARK1, C16H1orf115, MARC2, CDC42BPA

KCNA4, FSHB, LOC787432, A5PJ77, CK046, CD44, PAMR1, CACNA1B, LDLRAD3, COMMD9

ANGPT1, RABL4, RSPO2, EIF3E, TTC35, TMEM74, TRHR

STC1
PREP, PRDM1
FLVCR2, C10H14ORF1, NARG2, ANXA2, FOXB1, ADAM10, GRINL1A, BNIP2, GTF2A2, LIPC,
TCF12, MYO1E, CCNB2, RNF111, AQP9, GNB5, MYO5C, AP4E1, TRPM7, USP50, USP8,
GABPB2, HDC, SLC27A2
E2F6, PQLC3, C2o50, KCNF1, PDIA6, ATP6V1C2, NOL10, ODC1, HPCAL1, PRKCE, EPAS1,
ATP6V1E2, PIGF, CRIPT, SOCS5, MCFD2, TTC7A, EPCAM, MSH2, KCNK12, MSH6, FBXO11
RASA3, MGC134473, GPC6, TYRP2, TGDS, GPR180, SOX21, ABCC4, CFTR/MRP, ABCC4

SPOCK1, IL12B, TIMD4, ITK, SLCO6A1, IRF1, IL5, IL13, IL4, SSBP2, ATG10, XRCC4

DLD, Q28899, LAMB4, Q6Q146, PNPLA8, LOC784535, Q2YDK7, Q17QP5, EPDR1
TRRAP, ALDH1L2, TAS2R42, MAGOHB, KLRA1, KLRJ1, CCDC59, TMTC2, FAM113B,
AMIGO2, SLC38A4,
SLC38A2, SLC38A1, SFRS2IP, ARID2,
ss61555725, PRICKLE1, PPHLN1, ZCRB1, YAF2, GXYLT1
rs29023629, TMTC1, OVCH1, ERGIC2, FAR2, TM7SF3,
CCDC91, PTHLH, KLHDC5, MRPS35, FGFR10P2,
PPFIBP1, ARNTL2, STK38L, MED21, ITPR2
CRMP1, EVC, EVC2, STX18, STK32B, MSX1, CYTL1

CREB1
FOXJ3, EDN2, CTPS, CITED4, NFYC, BCAR3

SOD1, SSRG, SCL33A1, LDLRAD3, KCNAB1, GMPS, TUBA3D

Candidate genes

The peaks in the same chromosome do not necessarily represent the same genomic region.
2
Different phenotypes were used in these studies. Settles et al. (2009) and Zanella et al. (2011): fecal or tissue Mycobacterium avium ssp. paratuberculosis (MAP) culture, or both; van Hulzen et al.
(2012): milk ELISA; Zare et al. (2014a,b): serum ELISA and fecal culture; Kirkpatrick et al. (2011): fecal MAP culture and serum ELISA; Alpay et al. (2014): serum ELISA, fecal culture or both;
Kiser et al. (2017): MAP in tissues (culture and quantitative PCR); Sallam et al. (2017): fecal culture or serum ELISA (population 1) and serum ELISA (population 2); Minozzi et al. (2012): serum
ELISA or MAP tissue culture, or both; Minozzi et al. (2010): serum ELISA; and Pant et al. (2010): milk/serum ELISA.

1

BTA22
BTA23

BTA17
BTA18
BTA19
BTA20
BTA21

BTA16

BTA15

BTA7

BTA4
BTA5

BTA2
BTA3

References2

Chromosome1

Table 8. Chromosomes with SNP and candidate genes statistically associated with resistance to Johne’s disease in cattle
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reported differential kinome responses associated with
the WNT-β-catenin signaling pathway in calf ileal tissues at the site of MAP infection. Given the arbitrary
assumption that the putative promoter region lies 2 kb
upstream of transcription start site of a gene (Sinnett
et al., 2006), it is possible that both rs134528210 and
rs41922558 SNP lie within promoter regions and could
regulate gene function. However, these are only assumptions and future studies should aim to characterize and validate the functional relevance of these SNP,
and indeed the gene with respect to JD. This could be
achieved by candidate-gene validation studies and gene
editing approaches.
Table 8 shows a list of previous studies that identified
significant peaks in various chromosomal regions over
the genome that were associated with JD. The fact
that a large number of significant regions have been
identified in most chromosomes indicates that JD is a
very polygenic trait. The little congruence with other
studies might be due to differences in case definition
(i.e., methods used in defining infected and healthy
cohorts), statistical methodologies, the low heritability of the trait, the analysis of different populations,
and the use of different genetic markers (Settles et al.,
2009; Minozzi et al., 2010; Pant et al., 2010; van Hulzen
et al., 2012). The significant regions identified in the
present study, in conjunction with other ones already
reported in the literature (Table 8), convey very useful
information to potentially optimize genomic predictions
to select for resistance to MAP infection, as significant
markers can be included in customized SNP panels to
increase accuracy of genomic breeding values for JD
resistance.
CONCLUSIONS

This study estimated genetic parameters, and a
GWAS was performed, based on the presence of MAPspecific antibody in milk of Canadian Holstein cows. Despite the low heritability estimates, significant genetic
variation was observed, indicating that genetic progress
can be made in North American Holstein cattle. The
heritability estimates and breeding values calculated
based on 3 alternate data sets, which considered different disease incidences, were similar, indicating that estimated breeding values from any of the data sets could
be used for selection. The correlations between JD and
other economically important traits were weak or not
significant, suggesting that selection for resistance to
MAP infection will not negatively affect other economically important traits in dairy cattle. Chromosomal
regions involved in MAP-specific antibody response in
milk were also identified. They confirmed that JD is a
complex, polygenic trait. Similar analyses, but using
Journal of Dairy Science Vol. 101 No. 11, 2018

different phenotypes, will be performed next to validate
these results.
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