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H I G H L I G H T S

• Worms and ticks cause considerable economic and productive losses in beef cattle.
• The choice of statistical model can impact genetic analysis of parasite infestation.
• Heritability estimates were low to moderate for both worm and tick infestation.
• A better fit was observed for models employing non-Gaussian distributions.
• Genetic selection and parasite control practices should be carried out together.

A R T I C L E I N F O

A B S T R A C T
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Worms and ticks are important parasites in beef cattle, especially in tropical areas, causing significant economic
and production losses. Understanding animal-to-animal variation on infestation for these parasites might guide
genetic selection and improvement of management practices to attenuate its detrimental effects. Statistical
models used to analyze such traits usually assume a Gaussian distribution for the observed data. However, this
assumption is quite often inappropriate for counting data. Therefore, the objectives of this study were: 1) Esti
mate genetic parameters for worms and tick infestations in Nellore cattle, and 2) To compare the overall per
formance of six data analysis approaches for worm and tick infestation in Nellore cattle, using different
specifications of generalized linear mixed models (GLMM) and response variables. Data consisted of presence/
absence of parasites as well as counting observations for both worms and ticks in a Nellore herd in Brazil. The
binary data were analysed with both Gaussian and Threshold models, whereas the counting data were studied
using Gaussian models on the original and logarithmic scales, as well as Poisson and Zero-Inflated Poisson (ZIP)
models. All models included the systematic effects of contemporary group and age, as well as the random ad
ditive genetic and residual effects. Models were compared using four criteria: Deviance Information Criterion
(DIC), Spearman’s correlation between predicted breeding values from different models, the agreement on the 5
and 50% top-ranked animals across models, and the Mean Squared Error of Prediction (MSEP) assessed via
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Monte Carlo Cross-Validation (MCCV). The MCCV was performed using parallel computing through the Center
for High Throughput Computing (CHTC) at the University of Wisconsin-Madison. The estimates of heritability
ranged from 0.15 to 0.40 for worms and from 0.08 to 0.25 for ticks. According to the DIC, non-Gaussian models
displayed the best goodness of fit compared to Gaussian models. DIC’s results excluded Gaussian models on the
logarithmic scale because fairer comparisons involve phenotypes on the same scale. Spearman’s correlation and
the percentage of agreement on the 5% and 50% top-ranked animals suggested some re-ranking of animals
depending upon the model used. Monte Carlos Cross-Validation showed that all models presented similar MSEP
with average values of 0.20 (binary data; worms), 0.18 (binary data; ticks), 15.69 (count data; worms), and 14.19
(count data; ticks). Moreover, performing MCCV in parallel had the benefit to deliver results for all models in
about 2 days. Heritability estimates indicate that the selection of high merit animals for worms and tick infes
tation is possible feasible and can potentially contribute to the genetic progress. Furthermore, genetic selection
should be performed concomitantly with traditional parasite control approaches. Overall, non-Gaussian models
seem to be better suitable for genetic analysis of worm and tick infestation in beef cattle, because such models
have lower DIC values with similar predictive performance compared to Gaussian models.

1. Introduction

transformations, the variance components and its respective genetic
parameters are in a different scale from the original data which may
bring some challenges in terms of a practical breeding . For instance, the
back-transformation of estimate breeding values in a square root scale
will generate only positive values which poses a challenge to select in
dividuals in the original scale. Alternatively, generalized linear mixed
models (GLMM) are theoretically more suitable to study non-Gaussian
response variables, more specifically distributions that belong to the
exponential family such as Bernoulli and Poisson (Nelder and Wedder
burn, 1972; Tempelman, 1998). Accordingly, they have been applied to
genetic analysis of worm and tick infestation in cattle using, for example,
binary threshold models (Passafaro et al., 2015), Poisson models (Ayres
et al., 2013), and Zero-Inflated Poisson models (Silva et al., 2011).
Although different models have been proposed for genetic evaluation
of worm and tick infestations, there is no consensus on which one is the
most appropriate for the prediction of future performance and identifi
cation of animals with the highest genetic merit. Choosing an appro
priate model is crucial for breeding programs as it may improve
selection decisions and enhance genetic gains, magnifying the positive
impact on the aforementioned issues related to parasite infection and
chemical treatment. The assessment of future performance can be
investigated by cross-validation methods that indicates the model’s
ability to predict animal’s genetic merit. Therefore, the objectives of this
study were: 1) Estimate genetic parameters for worms and tick in
festations in Nellore cattle, and 2) to compare the overall performance of
six data analysis approaches for worm and tick infestation in Nellore
cattle, using different specifications of generalized linear mixed models
(GLMM) and response variables.

Worms and ticks are responsible for significant production losses in
beef and dairy cattle, causing severe economic impact to the livestock
industry around the world. Annual global costs associated with cattle
ticks range from 20 to 30 billion USD in 2016 (Lew-Tabor and Rodriguez
Valle 2016), and such costs may be underestimated for the actual eco
nomic conjecture. Rashid et al. (2019) estimated financial costs of 50.67
USD animal− 1 year− 1 with the control, treatment and mortality related
to worm infestations. Moreover, Grisi et al. (2014) assessed the annual
cost of potential losses in dairy and beef cattle in Brazil and showed that
parasites are one of the most important issues related to economic losses
in dairy and beef cattle. According to these authors, potential losses are
close to 7.11 and 3.24 billion USD per year for worms and ticks,
respectively.
Parasite infections are typically controlled by chemical treatment.
However, incorrect applications of such compounds might lead to
parasite resistance (Fernández-Salas et al., 2012; De Graef et al., 2013),
residues in milk and meat (Wolstenholme et al., 2004), and increase in
production costs (Grisi et al., 2014). For these reasons, alternative
methods to tackle parasite infestations might be beneficial, as they
would allow a reduction in the use of chemicals and their associated
problems. An alternative in this regard is the genetic selection for
resistant animals. For instance, Frisch et al. (2000) showed a decrease in
tick counts from 275 to 40 ticks/animal after fifteen years of selection in
a population of Australian Belmont Adaptaur. Morris et al. (2005) re
ported a difference of 343 eggs gram− 1 in the average breeding value of
two lines of sheep divergently selected for fecal egg counts. These results
support selection as an effective tool to decrease the number of parasites
in dairy and beef cattle. Furthermore, genetic selection for low parasite
loads offers an important advantage over conventional methods in that
the improvement is expected to be more stable in a long term. According
to Bishop (2012), parasite evolution takes more time to adapt to host
resistance than chemical treatment. This author pointed out that host
resistance is naturally polygenic and parasites would have to evolve
against several genes, while for drug treatment only a few compounds
must be suppressed.
Parasites infestation is often assessed by indicator traits such as the
recorded number of ticks on the animal or the number of worm eggs
present in feces. Thus, the resulting phenotype is either zero or a positive
integer. Statistical models used for genetic evaluation and inference on
genetic parameters for these traits frequently assume the Gaussian dis
tribution of either raw or transformed data (Frisch et al., 2000; Burrow,
2001; Prayaga, 2003). Linear Gaussian models may offer only a poor
approximation for count data as their sample space consists of
non-negative integers only, and also the distribution of count variables is
often right-skewed (Stroup, 2015; Villemereuil et al., 2016; Sae-Lim
et al., 2017). An appropriate data transformation may help with the
Gaussian approximation, but it still poses some challenges such as how
to deal with zeros when using log transforms. Moreover, when using

2. Material and methods
All experimental procedures used in the current study were approved
by the Ethics and Animal Experimentation Committee of the Uni
versidade Federal de Minas Gerais (Protocol 255/2010).
2.1. Dataset
The data were collected from April 2011 to June 2014 at the Mundo
Novo Farm which is located in Uberaba, Minas Gerais, Brazil
(19◦24′ 33.3′′ S and 48◦06′ 34.5′′ W). A description of this farm including
climatic conditions, land area, nutrition management, health routines,
and reproduction practices is provided in Passafaro et al. (2015). The
animals used in this study were purebred Nellore cattle registered at the
Brazilian Association of Zebu Breeders (ABCZ). Tick counts were
recorded in naturally infected animals according to the method pro
posed by Wharton and Utech (1970), which consists of counting
engorged female ticks ≥ 4 mm on one side of the animal. Fecal samples
were collected from the rectum of the animals and used to count the
number of worm eggs following the protocol of the modified MacMaster
technique described by Ueno and Gonçalves (1998). To perform the
2
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worm egg counts, 2 g of faeces were diluted with 28 ml of drinking
water. Then, after sifting the mixture, a 2 ml aliquot was mixed with 2
ml of saturated Sheater’s solution (500 g of sugar, 6.5 ml of phenol and
360 ml of water). The McMaster chamber, consisting of two slides
separated by a 1.5 mm space, between which there are two count
chambers of 1 cm2, was filled with a 0.15 ml aliquot of the final solution
and thereafter the worm egg counts were performed using a light mi
croscope at a 10 x magnification. Worm egg and tick counts used in the
present study are the actual counts observed at the McMaster chamber
and at one side of the animal, respectively, without any multiplication
by a specific constant. The final data included animals that were 500 to
597 days of age and had phenotypic information on both worm and tick
loads. Contemporary groups were defined by the combination of sex, lot
of management, and day of collection. Cohort groups with less than 5
records and/or no phenotypic variation were excluded for both traits.
Furthermore, animals that received any kind of parasite treatment
within 120 days prior to the day of collection were excluded from the
data. After data editing, there remained 1665 animals have observations
recorded for both worm eggs and tick counts. The pedigree file consisted
of 5697 animals, including 601 and 3524 sires and dams, respectively.
The pedigree was traced back to 17 generations, and this population has
an average inbreeding of 0.033 with a maximum value of 0.312. A more
detailed information for the whole population structure can be found in
Oliveira et al. (2011).

wi = (1ifyi > 0; 0otherwise)
Thus, the density function of the conditional probability of presence/
absence of parasites is:
P(wi = 1|ηi ) = Φ(ηi )
where Φ(.) is the standard normal cumulative distribution function.
Accordingly, the likelihood function is proportional to:
p(w|η) =

1∏
665

Φ(ηi )wi (1 − Φ(ηi )) 1−

wi

i=1

where w = (wi ) and η = (ηi ) are the vectors of binary outcomes and
linear predictors, respectively.
2.2.2. Gaussian model
Linear Gaussian models were also applied to the presence/absence of
parasites (wi ), as well as to the raw counting data (yi ). In addition, the
counting scores of worms and ticks were log-transformed as zi = log(yi +
0.1). We tested different constants to add in the logarithm trans
formation (i.e., 0.1, 1, and 10). None of these constants were able to
normalized the data, and the constant 0.1 was select because the vari
ance components were more closed to the other methods. Such Gaussian
models can be expressed as ti = ηi + ei , where ti is either the binary, raw
or log-transformed record, and ei are independent and identically
distributed residual terms with mean zero and variance σ 2e . Therefore,
the likelihood function becomes proportional to:

2.2. Statistical models
Six statistical models were proposed to evaluate worm eggs and tick
loads, including two specifications of the response variable for each
parasite: presence/absence and the actual counting. The binary data (i.e.
presence/absence of parasites) were studied with both Gaussian and
threshold models, the later with two response categories. The actual
counts of parasites (worms or ticks) were analyzed with Gaussian
models on either the original or logarithmic scales, Poisson models, and
Zero-Inflated Poisson (ZIP) models. The linear predictor function for all
models can be expressed in matrix notation as follows:

P(ti |ηi ) =

1∏
665

)
(
N ti |ηi , σ 2e

i=1

2.2.3. Poisson model
A Poisson model was used to fit the recorded number of parasites, i.e.
the counts (yi ). This model contains a single parameter λ expressing both
the mean and the variance of the random variable. Such dependence
between variance and mean makes overdispersion a common challenge
for Poisson models. An approach to address this problem is by intro
ducing a residual term that accommodates overdispersion. Therefore,
the mixed Poisson model assumed that the recorded number of para
sites, given the systematic and random effects, followed a Poisson dis
tribution with parameter λi , where log(λi ) = ηi + ei , and ei are
independent and identically distributed Gaussian random variables with
mean zero and variance σ2e . Thus, the likelihood function, in this case, is
proportional to:

η = Xβ + Zu
where η is the vector of the linear predictor associated with the 1665
observations; β is the vector containing the systematic effects including
the overall intercept, the contemporary groups, and the linear covariate
of age on the day of recording; u is the vector of additive genetic effects;
X and Z are the incidence matrices of the systematic and additive ge

netic effects, respectively. The vector u = [u1 u2 ... u5697 ]T of additive
genetic effects was assumed to follow a normal distribution u ∼ N(0,
Aσ2u ), where σ2u is the additive genetic variance and A is the numerator
relationship matrix related to the 5697 animals in the pedigree file. A
short description of specific features of each model is provided in the
following sub-sections.

1∏
665

P(y|λ) =
i=1

λyi i exp( − λi )
yi !

where y = (y1 , y2 , ..., yn ) and λ = (λ1 , λ2 , ..., λn ) are the vectors of count
ing outcomes, and the parameters of the Poisson model, respectively.

2.2.1. Threshold model
The threshold model assumes that categorical traits are continuous
and normally distributed on an underlying liability scale, with the
observable sampling space divided into (k + 1) intervals by k unob
servable thresholds. These thresholds are displayed in increasing order
and
must
satisfy
the
following
condition
−
∞ < t0 < t1 < t2 < … < tk < ∞. The number of intervals is equal to the
number of categories, and the observed category for an individual de
pends on which interval contains its liability value. Similar to Gianola
and Foulley (1983), the underlying linear model is l = η + e, where e
represent a vector of independent and identically distributed standard
normal random variables. A probit link function was considered for this
analysis, and the residual variance was fixed at one to cope with iden
tifiability issues. Worm eggs and tick count {wi } were classified as:

2.2.4. Zero-Inflated poisson model
A mixed effect Zero-Inflated Poisson (ZIP) model was also applied to
study the recorded number of parasites (Lambert 1992; Rodri
gues-Motta et al., 2007). The ZIP model is defined as a mixture distri
bution with two components. The first component expresses the “perfect
state” which only produces zeros, with probability pi , where logit(pi ) =
ηi + εi , and εi are independent and identically distributed Gaussian
random variables with mean zero and variance σ2ε . The “perfect state”
represents the probability of an animal being resistant to parasites (no
parasites at all) and it is useful to accommodate an excess of zeros in the
dataset (Lambert 1992; Rodrigues-Motta et al., 2007; Naya et al., 2008).
According to these authors, the second component of the ZIP model
represents the “imperfect state” which is sampled with a probability
(1 − pi ) from a Poisson distribution with parameter λi , where log(λi ) =
3
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ηi + ei , and ei are independent and identically distributed Gaussian
random variable with mean zero and variance σ 2eλ . Therefore, the

where D(θ) = Eθ|y [D(θ)] is the posterior expectation of the Bayesian

deviance; and D(θ) = 2log(y|θ) represents the goodness of fit of the
model. The DIC penalizes model complexity based on the effective
number of parameters pD = D(θ) − D(θ), where θ is the vector of model
parameters and D(θ) is the Bayesian deviance, as a function of the
posterior mean of these parameters. Lower values of DIC are preferred,
as they suggest a better model adjustment with a lower degree of
complexity. DIC was used to compare models where response variables
are on the same scale. Therefore, it was used only for model comparisons
within each specification of response variable: binary outcome
(Threshold vs. Gaussian), and counting data (Gaussian vs. Poisson vs.
ZIP). Comparisons with the Gaussian model on the logarithmic scale
were not considered.

probability function of ZIP model is described as:

p(yi |pi , λi ) = [ pi + (1 − pi )e− λi ] I(yi =0) [(1 − pi ) × (e− λi λyi i /yi !)]

I(yi >0)

where yi is the observed record, and I(.) is an indicator function. Notice
that the ZIP probability density function described above converts to a
Poisson distribution whenever pi = 0. The likelihood function of the ZIP
model is proportional to:
∏
∏
p(y|p, λ) =
[pi + (1 − pi )e− λi ]
[(1 − pi ) × (e− λi λyi i / yi !)]
I(yi =0)

I(yi >0)

where y = (yi ), p = (pi ) and λ = (λi ) are the vectors of counting out
comes, and the parameters of ZIP model, respectively.
Although the parameter p of the ZIP model can be fitted for each
animal in the pedigree, in our study this parameter was assumed to be
homogeneous in the population because of MCMC convergence issues.
In this setting, p is the same for all animals and represents the percentage
of the population that are in the perfect state. The λ component was
estimated for all animals in the pedigree using a hierarchical Bayesian
model, which can be represented as follows:

2.4.2. Spearman rank correlations and the agreement on the 5 and 50%
top-ranked animals
Spearman rank correlations of the posterior mean of breeding values
were used to assess the agreement between models. The percentage of
the agreement on the 5% and 50% top-ranked animals were used to
investigate the difference in the proportion of the same individuals
selected among different statistical models. These percentages were
defined based on the replacement rate of sires and dams considered in
the farm, respectively.

log(λ) = Xλ βλ + Zλ uλ + eλ
where Xλ is the incidence matrix related to the systematic effects βλ , with
dimensions (1665 × 52), Zλ is the incidence matrix related to the ad
ditive random effects uλ , with dimensions (1665 × 5697), and eλ is the
vector of residual effects. The additive random effects were assumed to
follow a normal distribution uλ ∼ N(0, Aσ2uλ ), A is a known matrix of

2.4.3. Predictive ability via monte-carlo cross-validation
The predictive ability of each model was assessed via Monte-Carlo
Cross-Validation where the data was randomly split into two subsets
that allocated approximately 80% and 20% of the observations to the
training and testing sets, respectively. This procedure had the constraint
that all records from contemporary groups with less than 36 observa
tions were placed in the training set. The remaining cohort groups had
their records split into the training and testing set. The Monte-Carlo
Cross-Validation was repeated one hundred times, and for each itera
tion, a common folder was evaluated by all statistical models for both
traits. Such analysis was performed in parallel, using computational
resources available at University of Wisconsin-Madison through the
Center for High Throughput Computing (CHTC). The loss function
considered to assess predictive ability was the mean squared error of
prediction (MSEP), which is given by:

additive genetic relationships, and σ2uλ is the additive genetic variance
related to λ. The residual effects were fit as a normal distribution eλ ∼
N(0,In σ2uλ ), In is an identity matrix of order (1665 × 1665), and σ 2eλ is the
residual variances related to λ.
2.3. Bayesian inference and MCMC

Statistical analyses were implemented under a Bayesian framework,
for which prior distributions are specified for all unknown parameters.
In all analyses, flat prior distributions were assigned for the systematic
effects. The prior distribution for u, as described before, was normal,
given by N(u|0, Aσ2u ). For the variance components σ 2u and σ2e , scaled
⃒
inverse Chi-square distributions were assumed, i.e. χ − 2 (σ2u ⃒Vu , Su ) and
⃒
χ − 2 (σ 2 ⃒Ve ,Se ), respectively, where V and S are the corresponding degrees

n
(
)2
4∑
ti − ̂t
n i=1

MSEP =

where ti is the response variable computed as the counting variable or as
a binary outcome, ̂t i is the mean of the conditional expectation function,
and n is the number of observations in the testing set. The conditional
expectation function for the threshold model (binary outcome),
̂i =
Gaussian model, Poisson model, and ZIP model corresponds to w
Φ(̂
η i ), ̂y = ̂η i , ̂y = exp(̂η i ), and ̂y = (1 − ̂p i )exp(̂λ i ), respectively. The

e

of freedom and scale parameters. These parameters were the same for all
models with values equal to 1/3 for V and 1 for S. For the ZIP model, the
parameter p was assigned a flat distribution.
Statistical analyses were implemented using the R package
MCMCglmm (Hadfield, 2010). A chain of 1000,000 iterations was
generated for each model. The first 200,000 iterations were discarded as
burn-in and the remaining were sampled every 200 iterations. There
fore, 4000 samples were retained for statistical inference. Convergence
was assessed by visual inspection of the trace plots and by the Geweke
diagnostic (Geweke, 1992). A Gibbs sampler algorithm was considered
for all Gaussian models, while the Metropolis-Hastings method was
performed for threshold, Poisson, and ZIP models.

i

i

i

Gaussian model on the logarithmic scale was back-transformed to
original scale by ̂
y i = exp(̂
η i ) − 0.1, before computing the MSEP. Lower
values of MSEP are preferred and indicate a better predictive ability.
Comparison of statistical models using MSEP is only applied for models
that the response variables are on the same scale (Vazquez et al., 2009).
3. Results

2.4. Model comparison

3.1. Descriptive statistics and heritability estimates

Statistical models were compared based on the following criteria:

The mean of the actual worm eggs and tick counts were 3.01 (± 4.68)
worm eggs animal− 1 and 2.50 (± 4.04) ticks animal− 1, respectively
(Fig. 1). Forty and forty-three percent of the animals in our study had
counts equal to zero for worm eggs and ticks, respectively. The skewness
coefficient for worm eggs count was 2.84, while for tick count it was
3.03. As expected, these results suggest that the worm and tick counts

2.4.1. Deviance information criterion (DIC)
The DIC was proposed by Spiegelhalter et al. (2002) as follows:
DIC = D(θ) + pD = 2D(θ) − D(θ)
4
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Fig. 1. Distribution of worm eggs (left) and tick count (right) in a Nellore beef cattle herd.

departure from a Gaussian distribution.
Posterior mean estimates of heritability (95% Highest Posterior
Density) for worm infestations was 0.17 (0.09–0.25), 0.15 (0.05–0.25),
0.20 (0.09–0.33), 0.40 (0.21–0.62), and 0.20 (0.04–0.36) for the
Gaussian model on binary scale, Gaussian model on original scale,
Gaussian model on logarithm scale, Poisson model, and threshold model
(Table 1), respectively. The posterior mean of heritability (95% Highest
Posterior Density) for tick infestations was 0.18 (0.10–0.27), 0.08
(0.01–0.16), 0.12 (0.03–0.20), 0.21 (0.00–0.37), and 0.25 (0.09–0.41)
for Gaussian model on binary scale, Gaussian model on original scale,
Gaussian model on logarithm scale, Poisson model, and threshold
model, respectively. Estimates of heritability were not obtained for the

ZIP model because there exists no such obvious estimator (Vazquez
et al., 2012).
3.2. Model comparisons
The Poisson model showed the lowest DIC value (5753.93), followed
by the ZIP model (5953.74) and Gaussian model on original scale
(9452.78) for the recorded number of worm eggs. When treating phe
notypes as binary for worm infestation, the threshold model displayed
the lowest DIC (1920.31) followed by the Gaussian model (2004.37).
Similarly, the Poisson model had the lowest value of DIC (5312.68),
followed by the ZIP model (5478.18) and Gaussian model on original
scale (8734.31) for the recorded number of ticks per animal. When
treating phenotypes as binary for tick infestation, the threshold model
had a lower DIC (1823.90) compared with the Gaussian model
(1916.88).
Spearman rank correlations between the posterior mean of predicted
breeding values among different models were all positive, with medium
to high magnitude ranging from 0.61 to 0.99 and from 0.60 to 0.99 for
worm egg and tick infestation (Table 2), respectively. The agreement on
the 5% and 50% top-ranked animals ranged from 48.6% to 88.4% and
from 64.7% to 92.9% for worm infestation, respectively (Table 3).
Similarly, the agreement on the 5% and 50% top-ranked animals varied
from 29.9% to 89.0% and from 70.7% to 93.4% for tick infestation,
respectively. Overall, Spearman’s correlation and the percentage of
common selected animals were greater between models that treated

Table 1
Posterior mean (95% Highest Posterior Density intervals) of additive genetic
variance (σ 2a ), residual variance (σ 2e ), and heritability (h2 ) for genetic analysis of
worm and tick infestation for Gaussian model on binary scale (BGAUS),
Gaussian model on original scale (GAUS), Gaussian model on logarithm scale
(LGAUS), Poisson model (POI), threshold model (THR), and Zero-Inflated
Poisson model (ZIP).
Model
Worms
a
BINARY
BGAUS
THR
b
COUNT
GAUS
LGAUS
POI
ZIP (cλ)
Ticks
BINARY
BGAUS
THR
b
COUNT
GAUS
LGAUS
POI
ZIP (cλ)

σ2a

σ2e

h2

0.03 (0.02 - 0.05)
0.26 (0.14 - 0.52)

0.17 (0.15 - 0.18)
1.00 (1.00 - 1.00)

0.17 (0.09 - 0.25)
0.20 (0.04 - 0.36)

2.53 (0.75
0.54 (0.21
0.63 (0.29
0.61 (0.28

14.81 (13.13 - 16.73)
2.13 (1.80 - 2.41)
0.91 (0.61 - 1.21)
0.65 (0.34 - 0.97)

0.15 (0.05 - 0.25)
0.20 (0.09 - 0.33)
0.41 (0.21 - 0.62)

0.03 (0.02 - 0.05)
0.34 (0.08 - 0.65)

0.16 (0.14 - 0.17)
1.00 (1.00 - 1.00)

0.18 (0.10 - 0.27)
0.25 (0.09 - 0.41)

0.82 (0.07
0.25 (0.08
0.20 (0.00
0.16 (0.00

10.15 (9.04 - 11.18)
1.93 (1.72 - 2.12)
0.75 (0.55 - 0.94)
0.47 (0.29 - 0.64)

0.07 (0.01 - 0.16)
0.12 (0.03 - 0.20)
0.21 (0.00 - 0.37)
–

-

4.43)
0.89)
0.99)
0.99)

Table 2
Spearman’s rank correlation between predicted breeding values for genetic
analysis of worm (below diagonal) and tick infestation (above diagonal) ob
tained with Gaussian model on binary scale (BGAUS), Gaussian model on
original scale (GAUS), Gaussian model on logarithm scale (LGAUS), Poisson
model (POI), threshold model (THR), and Zero-Inflated Poisson model (ZIP).

a

a
b
c

-

1.79)
0.45)
0.37)
0.32)

THR
BGAUS
GAUS
LGAUS
POI
ZIP

BINARY is the presence/absence of parasites.
COUNT is the recorded number of parasites.
λ is the Poisson parameter of ZIP model.
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THR

BGAUS

GAUS

LGAUS

POI

ZIP

–
0.98
0.64
0.94
0.84
0.77

0.99
–
0.61
0.94
0.83
0.76

0.62
0.60
–
0.81
0.87
0.87

0.95
0.95
0.79
–
0.96
0.92

0.83
0.82
0.89
0.95
–
0.99

0.69
0.68
0.90
0.85
0.96
–
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4. Discussion

Table 3
The agreement of the 5% (below diagonal) and 50% (above diagonal) topranked animals based on the predicted breeding values for genetic analysis of
worm and tick infestations obtained with the Gaussian model on binary scale
(BGAUS), Gaussian model on original scale (GAUS), Gaussian model on loga
rithm scale (LGAUS), Poisson model (POI), threshold model (THR), and ZeroInflated Poisson model (ZIP).
Worms
THR
BGAUS
GAUS
LGAUS
POI
ZIP
Ticks
THR
BGAUS
GAUS
LGAUS
POI
ZIP

THR

BGAUS

GAUS

LGAUS

POI

ZIP

–
88.38
49.30
80.63
68.31
61.62

89.64
–
48.59
80.99
65.14
58.10

64.68
65.38
–
62.68
73.59
76.41

82.23
83.18
77.18
–
80.99
72.18

76.47
75.42
79.46
88.06
–
88.38

73.67
72.44
79.25
84.52
92.94
–

THR
–
89.08
29.58
80.99
59.86
39.79

BGAUS
93.36
–
29.93
81.69
60.56
41.55

GAUS
72.54
70.72
–
40.49
55.28
57.04

LGAUS
90.20
89.04
78.69
–
74.65
51.06

POI
81.36
80.16
86.41
88.48
–
73.24

ZIP
74.32
72.82
88.34
80.65
90.62
–

Overall, heritability estimates for worm and tick infestation was low
to moderate, ranging from 0.08 to 0.40. These results are consistent with
the literature, where the heritability estimates varied from 0.11 to 0.40
for worms and from 0.03 to 0.45 for ticks (Burrow, 2001; Prayaga and
Henshall, 2005; Passafaro et al., 2015). The large range of heritability
estimates may reflect differences in the statistical models used, popu
lation structure, type of infection (artificial vs. natural), and the season
that records were collected. This result indicates that the phenotypic
variance for worm and tick infestation is mainly accounted for by
environmental factors, but that there is also an important genetic
component for both infestations. Thus, genetic improvement through
selective breeding is certainly possible. Nonetheless, the best practice
may be to use genetic selection together with management practices (e.
g., drug treatment, pasture rotation) to decrease parasite loads in a herd.
The DIC was used to compare models for which phenotypes were in
the same scale, i.e. counts or binary. In our study, the Poisson model
with a residual term displayed the lowest DIC compared to the other
models evaluated. This result is most likely due to the fact that DIC
penalizes models with more parameters. The ZIP model had more pa
rameters compared to the Poisson model due to its binary component,
partially justifying the observed result. Furthermore, Peñagaricano
et al. (2011) and Ayres et al. (2013) reported that the addition of a re
sidual term improved the performance of the Poisson model when
compared to Gaussian models. Therefore, the inclusion of a residual
term in the Poisson model may accommodate part of the overdispersion
in the current study. Furthermore, in our study, the differences in DIC
between non-Gaussian and Gaussian models were greater than 84. Ac
cording to Spiegelhalter et al. (2002), differences in DIC greater than 7
are considered to be significant. Therefore, these results indicate that
models which assume a non-Gaussian distributions showed a better
goodness of fit than Gaussian models for genetic analysis of worm and
tick infestation.
The results of Spearman’s rank correlation and the agreement on the
5% and 50% of the top-ranked animals are suggestive of a re-ranking of

phenotypes in the same scale.
When phenotypes were treated as binary, the overall predictive
performance of the Gaussian model was slightly better compared to the
threshold model for either worm or tick infestation (Fig. 2). The
Gaussian model on binary scale was the best to predict the absence of
parasites, while the threshold model had a greater performance to
evaluate the presence of parasites for both traits. When treating phe
notypes as counting data, the ZIP model showed a slightly better overall
performance for both traits, followed by the Gaussian model on the
original scale, Poisson model, and Gaussian model on the logarithmic
scale. The Gaussian model on the logarithmic scale presented the bestpredicted values for the absence of parasites, while the Gaussian
model on the original scale exhibited the highest performance when
evaluating the presence of parasites for both traits.

Fig. 2. Box plots of overall MSEP (dark grey), MSEP of absence of parasites (grey), and MSEP of presence of parasites (light grey) obtained in the cross-validation for
Gaussian model on binary scale (BGAUS), Gaussian model on original scale (GAUS), Gaussian model on logarithmic scale (LGAUS), Poisson model (POI), threshold
model (THR), and Zero-Inflated Poisson model (ZIP).
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individuals depending upon the model used, especially between models
for which the phenotypes were in different scales. On the other hand,
models for which phenotypes are on the same scales tend to select the
same individuals, leading to a similar genetic progress. Furthermore,
sire replacement has a great impact in the selection gain over genera
tions compared to dam replacement. Sires often produce more offspring
during their productive life and the selection intensity in males is greater
than in females. Therefore, the model used is an important factor for
genetic improvement over time, especially when it identifies sires with
the best genetic merit.
The predictive ability was very similar for the threshold model and
Gaussian model when considering the binary data. In a simulation study,
Meijering and Gianola (1985) reported that threshold models only
outperformed Gaussian models when the trait’s heritability was mod
erate to high in magnitude, and the incidence of the binary trait in the
population was ≤ 10%. In our study, the heritability of both traits was
low to moderate and the frequency of animals with worm egg and tick
count equal to zero in the dataset were 40% and 43%, respectively.
Therefore, our results are consistent with Meijering and Gianola (1985).
The model’s predictive ability was similar when considering the recor
ded number of worm egg and tick counts, except for the Gaussian model
on the logarithmic scale. This result may be explained by the fact that
60% and 57% of the animals in the current study were infected with
worms and ticks, respectively. The Gaussian model on the logarithmic
scale poorly predicts counts above zero, and the overall MSEP perfor
mance was remarkably affected, resulting in the worst model predictive
ability. The failure of models that assume non-Gaussian distributions to
outperform Gaussian models in terms of predictive ability has been re
ported for categorical and counting data (Peñagaricano et al., 2011;
Vazquez et al., 2012). Although non-Gaussian models have more
appropriate properties to fit discrete data, Gaussian models have shown
to be competitive with regard to predictive ability. In addition, the
implementation of the Monte-Carlo Cross-Validation considering a
parallel computing was crucial to deliver results in a feasible and
reduced amount of time. For instance, testing 1200 models in the cross
validation approach, took around 2 days to complete. If models were
tested sequentially in a unique computer, the overall time could dras
tically increase, leading to months to complete the cross-validation
process.
Genetic analysis of worm and tick infestation often considers the
phenotype as counting data instead of treating it as categorical. Phe
notypes expressed in classes have the disadvantages of introducing
subjectivity into the analysis due to the difficulty of assigning the exact
limits of adjacent categories, and also it is often associated with a
reduction in the sample variance. The introduction of subjectivity into
any genetic evaluation often produces outcomes that deviate from a
Gaussian distribution (Varona et al., 2009). Furthermore, the reduction
of phenotypic variance might affect the response to selection due to the
lack of variability among animals. In the present study, when the
phenotype was treated as binary the sample phenotypic variance
decreased from 21.9 to 0.24 (counts per animal)2 and from 16.3 to 0.24
(counts per animal)2 for worms and ticks, respectively. An alternative to
avoid this drastic reduction in variance is to define more classes for the
outcome variable instead of only two categories. On the other hand, the
main advantage of measuring phenotype into response categories is the
practical impact in labor efficiency. Counting the number of parasites on
animals is typically time-consuming, whereas scoring the level of
infection for each animal is much faster and easier to record.
In this current study, Gaussian models were evaluated using both
raw counts and the logarithmic transformation assuming a constant
equal to 0.1. Both approaches often provide wrong interpretation of
statistical results when they fail to align with any assumptions of the
mixed model methodology including normality, independence, and
linearity. For instance, Wilson et al. (1996) found that the
log-transformation method is more likely to report spurious difference in
parasite burdens in comparison to generalized linear models because

this transformation tends to be more associated with both errors of type I
and II. In addition, Mair et al. (2015) reported that heritability estimates
depend on the additional constant used in the log transformation.
Therefore, when using Gaussian models with original or transformed
phenotypes, such factors need to be investigated to avoid any misin
terpretation of statistical results.
5. Conclusion
Cross-validation results presented no statistical difference in pre
dictive ability between models. However, the DIC indicated a better
goodness of fit for models which assumed a non-Gaussian distribution.
Therefore, in our study, such models showed an advantage over
Gaussian models and could be more explored in genetic analysis of
worm and tick infestation. Furthermore, non-Gaussian models have
another advantage over Gaussian models because they do not require
data transformation, avoiding all its issues such as interpretability. Ul
timately, heritability estimates were of low to moderate magnitude,
indicating that genetic improvement is certainty possible through se
lective breeding.
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