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GENETIC STUDY OF Babesia bovis INFECTION LEVEL AND THE 
ASSOCIATION WITH TICK RESISTANCE IN HEREFORD AND BRAFORD 

CATTLE 
 
ABSTRACT – Bovine babesiosis is a tick-borne disease, and the Babesia 

bovis is considered the most pathogenic species. Both parasites constitute major 
drawbacks for improvement of beef cattle productivity in the tropics, especially when 
purebred and crossbred taurine animals are used. This study analyzed a population 
of Hereford and Braford cattle and it was composed of four chapters with the 
following objectives: Chapter 1) Literature review; Chapter 2) Estimate genetic 
parameters for tick count (TC) and B. bovis using linear and generalized linear 
models; Chapter 3) Evaluate predictive ability and application of genomic selection 
and performed genome wide association studies (GWAS) for B. bovis infection level 
(IB)  using single step GBLUP model; Chapter 4) Search for causal structures to 
investigate potential functional relationships among TC, IB, weight gain from birth to 
weaning (WG), and weight gain from weaning to yearling (YG) using structural 
equation modeling (SEM). Tick counts were performed by manually counting adult 
female ticks on one side of each animal. The B. bovis quantification was performed 
using a qPCR assay. In the Chapter 2, the tick count and B. bovis records were in log 
scale for analysis using linear model. A Poisson model was applied for tick count 
without log transformation and for probit model the phenotype was assessed by 
absence or presence of B. bovis based on three different thresholds (BBt1: IB using 
the threshold observed; BBt2: BB using threshold as a Cq (quantification cycle) mean 
from a qPCR assay equal to 38; BBt3: BB using threshold as a Cq mean from a 
qPCR assay equal to 37). In the Chapter 4, statistical analyses were conducted in 
three steps: 1) Partition of genetic and residual (co)variances using Bayesian 
multiple-trait modeling (MTM); 2) Search for plausible causal structures using the 
inductive causation (IC) algorithm applied to the residual (co)variances obtained from 
the MTM analysis; and 3) Final analysis using SEM. Estimates of heritability for TC 
were high using Poisson model (0.363) and moderate using linear model (0.189). 
While for B. bovis heritability estimates were low corresponding to 0.021 for BBt1, 
0.027 for BBt2, 0.041 for BBt3 for probit model, and 0.121 for linear model. The 
estimated correlation between IB and TC was very low. The cross validation genomic 
prediction accuracy for IB ranged from 0.18 to 0.35, and from 0.29 to 0.32 for k-
means and random clustering. The GWAS results showed that the top 10 SNP 
explained a total of 5.04% of the genetic variance for IB, and identified 40 candidate 
genes. The most plausible SEM comprised three direct links between traits: 
WG→YG, TC→WG, and WG→IB with structural coefficients posterior means equal 
to -0.3026, 6.3620, and 0.0004, respectively. The selection for TC and for animals 
that possibly maintain lower levels of infection by B. bovis will render short-term and 
long-term responses, respectively. Genomic predictions could be used as a tool to 
improve genetics for IB, especially for larger and randomly training populations. 
Some genomic regions associated with candidate genes related to immunity system 
were identified. The final inferred directed acyclic graph suggests that WG imposes a 
negative causal effect on YG, and TC has a positive causal effect on WG.  

 
Keywords: Bos taurus, genetic parameters, GWAS, SEM  
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ESTUDO GENÉTICO DO NÍVEL DE INFECÇÃO POR Babesia bovis E SUA 
ASSOCIAÇÃO COM A RESISTÊNCIA AO CARRAPATO EM BOVINOS DAS 
RAÇAS HEREFORD E BRAFORD 

 

RESUMO – Babesiose bovina é uma doença transmitida pelo carrapato, 
sendo que  a Babesia bovis é considerada a espécie mais patogênica. Ambos são 
considerados como um entrave na melhoria da produtividade da bovinocultura de 
corte nos trópicos, especialmente para animais de raças taurinas e suas cruzas. 
Esse estudo analisou uma população de bovinos Hereford e Braford e foi composto 
por quatro capítulos com os seguintes objetivos: Capítulo 1) Revisão de literatura; 
Capítulo 2) Estimação de parâmetros genéticos para contagem de carrapatos (TC) e 
B. bovis usando modelos lineares e modelos lineares generalizados; Capítulo 3) 
Avaliar a habilidade de predição e a possibilidade de aplicação da seleção genômica 
e conduzir estudos de associação genômica ampla (GWAS) para nível de infecção 
de B. bovis (IB); Capítulo 4) Procurar por estruturas causais entre TC, IB, ganho de 
peso do nascimento a desmama (WG) e ganho de peso da desmama ao sobreano 
(YG) usando a abordagem do modelo de equação estrutural (SEM). Os carrapatos 
foram contados manualmente em um lado do animal. A quantificação de B. bovis foi 
feita por meio de ensaios de qPCR. No Capítulo 2, os dados de contagem de 
carrapato e B. bovis estavam em escala logaritímica para as análises usando 
modelos lineares. O modelo de Poisson foi aplicado para contagem de carrapato 
sem tranformação logarítimica e para os modelos probit o fenótipo foi considerado 
como ausência (0) ou presença (1) de B. bovis baseado em três diferentes limiares 
(BBt1: IB usando o limiar observado; BBt2: IB usando valor médio do Cq do qPCR 
igual a 38; BBt3: IB usando valor médio do Cq do qPCR igual a 37). No Capítulo 4 
as análises estatísticas foram conduzidas em 3 etapas: 1) Partição das 
(co)variâncias genéticas e residuais usando modelo Bayesiano multicaracterístico 
(MTM); 2) Procura por estrutura causal plausível usando o algoritmo de indução 
causal (IC) aplicado na matriz de covariância residual obtida pela análise do MTM; 3) 
Análises finais usando SEM. A herdabilidade estimada para TC foi alta (0,363) 
aplicando o modelo de Poisson e moderada (0,189) usando modelo linear. Enquanto 
que para B. bovis as estimativas de herdabilidade foram baixas correspondendo a 
0,021 para BBt1, 0,027 para BBt2, e 0.041 para BBt3 para modelos probit, e 0,121 
para modelo linear. A correlação genética estimada entre IB e TC foi baixa. A 
acurácia de predição genômica para IB variou de 0,18 a 0,35 e de 0,29 a 0,32 para 
grupos de validação divididos por k-means e aletório, respectivamente. Os 
resultados de GWAS mostraram que os 10 SNPs principais explicaram 5,04% da 
variância genética total de IB e foram identificados 40 genes candidatos. O SEM 
mais plausível mostrou três conecções entre as características: WG→YG, TC→WG, 
e WG→IB com coeficientes estruturais médios a posterior iguais a -0,3026, 6,3620 e 
0,0004, respectivamente. A seleção para TC e e animais possivelmente resistentes 
a B. bovis irá render uma resposta a curto e a longo prazo, respectivamente. 
Predições genômicas podem ser utilizadas como uma ferramenta para melhorar 
genéticamente IB, especialmente para grandes populações de treinamento formadas 
de maneira randomizada. Algumas regiões associadas com genes candidatos estão 
relacionadas com o sistema imume. O gráfico final inferido sugeri que WG tem um 
efeito causal negativo em YG e TC tem um efeito causal positivo em WG. 
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CHAPTER 1 - GENERAL CONSIDERATIONS 

 

1. INTRODUCTION 

 

Brazil has around 212 million of cattle heads (IBGE, 2011). The Brazilian beef 

industry is one of the main economic activities and the highest income among 

Brazilian agribusiness chains. Over 80% of the Brazilian animals correspond to Zebu 

breeds. Despite recent gains in productivity and growth of the beef chain, further 

advances could be achieved with more taurine breeds animals and their crosses. 

However, these breeds are more susceptible to tick infestations (Frisch, 1999) and 

tick-borne diseases (Jonsson, 2006; Jonsson et al., 2008). 

 The importance of ticks and tick-borne diseases is global, with implications for 

the herds health and productivity, and economic consequences impacting especially 

livestock in tropical countries (Shyma et al., 2015). The economic losses were 

estimated at more than 3 billion dollars per year in Brazil (Grisi et al., 2014). Among 

the tick-borne diseases, “Bovine Sadness” (piroplasmosis) is the one that causes 

highest economic losses. The “Bovine Sadness” is a complex formed by the 

babesiosis and anaplasmosis diseases. Bovine babesiosis is caused by protozoa 

Babesia bovis and Babesia bigemina, both infected erythrocytes. The B. bovis is 

highly pathogenic (Riek, 1966). 

 The farming of more tick-susceptible cattle breeds in regions where babesiosis 

is endemic requires the application of acaricides to control infestations. However, the 

application of these drugs indiscriminately, without an appropriate strategy, can lead 

to negative consequences in two aspects. First, the tick can quickly develop 

resistance to the acaricides active principles leading to efficiency loss. Second, the 

excessive reduction of cattle tick load can lead to reduced resistance to babesiosis 

level leading to disease outbreaks.  

 Many studies have evaluated the possibility of performing phenotypic selection 

and, more recently, genomic selection for tick resistance using tick count (TC) as 

phenotype (Cardoso et al., 2015). However, no quantitative genetic studies were 

found focused on the infection level of B. bovis (IB).  



7 

 

 

 

 Phenotypic variation of infection level of B. bovis and differences between 

zebu and taurine breeds have been reported (Benavides e Sacco, 2007; Bilhassi et 

al., 2014). Thus, genetic improvement could be important for B. bovis infection 

control, as has been shown to control tick infestation through selection of tick-

resistant animals. Genetic variability is essential to achieve genetic progress, so, the 

genetic parameters estimation is crucial in order to verify the possibility to select for 

the trait. The linear mixed models are widely used to estimate variance components 

and assume that the response variable follows a Gaussian distribution (Lynch e 

Walsh, 1998). However, it has been demonstrated that generalized linear models 

could be a better alternative for genetic studies of non-normal distribution traits 

(Vazquez et al., 2012; Ayres et al., 2013; Sae-Lim et al.; 2017).   

The incorporation of molecular markers information, such as SNPs (Single 

Nucleotide Polymorphisms), into breeding analysis is another tool that has been used 

to select traits that are expensive or difficult to measure, such as those related to 

disease resistance, low heritability traits, and those that occur late in life (Meuwissen 

et al., 2001; Van Eenennaam et al., 2014). Thus, the application of genomic selection 

for IB controlling could be a powerful strategy to select possibly resistant animals and 

obtain genetic values with reasonable accuracy earlier accelerating genetic progress 

for this trait (De Los Campos et al., 2013). Moreover, with SNPs information is 

possible to detect regions at animal genome that could be associated with IB through 

the genome wide association study (GWAS), and thus, contribute to a better 

understanding of this economically important and complex trait (Visscher et al., 

2012). 

In addition, it would be important a better understanding about the association 

between IB and TC traits and their relationships with others traits traditionally 

evaluated in beef cattle breeding programs, as weight gain. The knowledge of 

phenotypic causal networks describes such interrelationships among different traits 

allowing prediction of behavior of complex biological systems, e.g. pathways 

underlying complex traits such as diseases and growth (Rosa et al., 2011). Structural 

Equation Models (SEMs) can be applied to study such recursive and simultaneous 

links among phenotypes in multiple trait models (Gianola e Sorensen, 2004; Rosa e 

Valente, 2014). 
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Therefore, for a better understanding of genetic aspects of Babesia bovis 

infection level and its association with tick resistance, the objective of this study was 

to estimate genetic parameters for IB and TC using the standard linear mixed model 

and generalized linear mixed model; to evaluate the predictive ability and application 

of genomic selection, and to performed genome wide association studies; and to 

search for causal relationships among IB, TC, weight gain in different ages using a 

structural equation model approach in Braford and Hereford cattle. 

  

2. LITERATURE REVIEW 

 

2.1. Rhipicephalus (Boophilus) microplus and Babesia bovis 

Native to Asia, the Rhipicephalus (Boophilus) microplus (B. microplus) tick is a 

member of the Ixodidae family (hard ticks). It was known as Boophilus microplus, 

however, Boophilus has become a subgenus of the genus Rhipicephalus (Murrel and 

Barker, 2003). These ticks are mainly found in areas of high temperature and 

humidity. 

An ectoparasite and a one-host tick, the B. microplus needs to spend a life 

stage on an animal, feeding on lymph, plasma and blood. The life cycle of B. 

microplus presents two phases: a parasitic phase and a free life phase. The average 

duration of the parasitic phase is 21 days. This phase starts when newly hatched 

larvae attach themselves to the host and initiate metamorphosis, in which the tick 

passes through the larva, nymph and adult stages. Also, sexual differentiation occurs 

in the parasitic phase. Adult male ticks become sexually mature after feeding, and 

mate with feeding females. An adult female tick that has fed and mated detaches 

from the host and deposits a single batch of many eggs in the environment. The free 

life phase begins when the engorged female drops to the ground and culminates 

when the larva finds a host. The duration of the free life phase is from 28 to 51 days, 

but it can extend for more than 300 days depending on the environmental conditions, 

mainly the humidity and temperature (Gonzales, 1974). 

The productive losses caused by B. microplus range from a reduction in feed 

intake due to animal irritability, leather damages and myiasis, to transmission of 

Babesia bovis and bigemina, and Anaplasma marginale, which together are the 
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etiological agents of “Bovine Sadness”, leading to significant losses to the livestock 

industry in tropical and subtropical regions of the world (Barros et al., 2005). In 

addition, economic losses are also related to drug costs for tick control. Economic 

losses were estimated to be more than 3 billion dollars per year in Brazil (Grisi et al., 

2014).   

Bovine babesiosis is a disease caused by protozoa of the genus Babesia. 

They are hemoprotozoa and are exclusively transmitted by ticks (McCosker, 1981). 

The first reports of microorganisms parasitizing bovine erythrocytes and their tick 

transmission occurred in Romania and the USA, at the end of the 19th century. 

However, the inclusion of the genus Babesia was made by Starcovici in 1893 

(Uilenberg, 2006). In Brazil, the first diagnosis was in imported animals in 1901 

(Fonseca and Braga, 1924). 

 The genus Babesia is associated with different species of several domestic 

animals. Babesia bovis and B. bigemina are the two species of protozoa of the genus 

Babesia that are capable of infecting cattle and have the B. microplus tick as a single 

biological vector. The distribution of this parasite has a strong correlation with the 

distribution of its vector. They are hemoprotozoa because they parasitize the interior 

of the erythrocytes. 

The life cycle of B. bovis includes an asexual phase occurring in bovine blood 

cells, and a sexual reproduction phase in ticks. Bovine animals are infected after 

sporozoites (infectious forms) of B. bovis present in the saliva of the tick are 

inoculated (Riek, 1966). The sporozoites invade the erythrocytes, transform into 

merozoites, multiply until the rupture of the cell, and penetrate another erythrocyte, 

continuing multiplication until the death of the host or the development of immunity 

(Hunfeld et al., 2008). Ticks, in turn, become infected when the adult female ticks 

ingest blood from infected animals. The merozoites, present in the cattle’s blood and 

ingested by the female ticks, develop gametes in the gut of the tick, which fuse to 

form the mobile zygotes. The zygotes multiply and invade various organs of the tick, 

including the ovaries; thus, the infection is transmitted from the ovary to the egg to 

the next generation of the tick (transovarian infection). Sporogony then occurs in the 

salivary glands of ticks, especially in the nymph and larva phases (Bock, 2004; 
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Uilenberg, 2006). Babesias can also be transmitted vertically by transplacental 

transmission, but this process is not yet fully understood (Costa et al., 2016). 

B. bovis is more pathogenic than B. bigemina. Infected animals may present 

with fever, depression, hemoglobinuria and anemia, accompanied by neurological 

signs that may lead to death. However, animals that survive the first infection develop 

a strong immunity (Billhassi et al., 2014). Host defense mechanisms are directed 

against infected erythrocytes and free merozoites; the innate immune response is 

essential during acute infection, otherwise it may lead to various pathological 

sequelae, including damage to the host's central nervous system (Al-Khedery and 

Allred, 2006).  The chronic phase of infection is also mediated by mechanisms of the 

immune system that are regulated by cytokines, and the persistence of low parasite 

levels helps in the immune response of this phase. However, B. bovis infection leads 

to an excessive production of cytokines, causing unfavorable effects not only for the 

parasite, but also for the host. In addition, the protozoan develops defense 

mechanisms against the immune system of the host and adaptive strategies for its 

transmission through the tick (Chauvin et al., 2009). 

 

2.2. Control  

Although alternative controls have aimed to reduce environmental impact and 

decrease the ticks’ resistance, such as biological control (e.g., rotation of pastures, 

cultivation of forage species with repellent or acaricide action on larvae, alternation of 

grazing between sheep and cattle, action of natural predators and use of 

microorganisms pathogenic to ticks, such as fungi and bacteria) and immunological 

control (vaccines), historically, the most explored method of bovine tick control has 

been chemical; these are based on the use of active principles that act on the 

parasite life phase of the vectors (Biegelmeyer et al., 2012). The indiscriminate and 

intensive use of these drugs, in addition to collaborating the emergence of 

populations of B. microplus that are resistant to the active principle, can leave 

residues in meat, milk and the environment. 

 Bovine babesiosis can be controlled by controlling its vector, as described 

above, using drugs and the use of attenuated vaccines. Chemotherapeutics are 

important for the control of the disease, but are limited and costly. Antiparasitic drugs 
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may be important in endemic areas for immediate applications in diseased animals; 

however, there is a risk of the parasite developing resistance to these drugs. No 

efficient and safe vaccines are available (Mosqueda et al., 2012). 

 The degree of tick infestation in an animal can be influenced by several 

factors, such as coat color, hair thickness and length, nutritional status, age, sex, and 

environmental factors, mainly temperature and humidity. Young, female animals with 

light and short hair seem to be more resistant to ticks (Bishop et al., 2010; Ibelli et al., 

2012). Like its vector, B. bovis infection levels are affected by external components, 

such as the climate and host age. 

 Bovine tick resistance and B. bovis infection levels are complex traits. There 

are two types of host response strategies to the pathogen: resistance and tolerance. 

Resistance is defined as the ability of the host to limit or inhibit the replication of the 

pathogen. Tolerance is defined by the host's ability to limit the impact of infection on 

its physical condition or health (Lough et al., 2015). Animals can protect themselves 

from damage caused by ticks and B. bovis by directly attacking these parasites to 

reduce their load, or by limiting the damage caused by a given parasite load. Despite 

knowing that the activation of bovine immune modulators is initiated by tick saliva, the 

tick, the diseases transmitted by it, and the host interact in a complex way, resulting 

in a biological system that is still poorly understood (Jongejan et al., 2007). 

 Young animals and adults are susceptible to babesiosis when exposed to 

agents for the first time; however, the symptoms of the disease are greatly attenuated 

if the first infection occurs when the animals are still young. After recovery, low and 

persistent levels of parasitemia are maintained for long periods without causing 

apparent damage.  Although R. microplus occurs throughout the year, the animals 

are infected when young and constant reinfection keeps the parasitemia at 

subclinical levels, ensuring the immunity of the animals throughout life. Nevertheless, 

clinical cases of mortality can occur, mainly in calves of about 120 days of age. This 

situation of endemic stability (Mahoney and Ross, 1972) occurs in practically all of 

Brazil. In areas of endemic instability, where low levels of humidity or low 

temperatures prevent the development of R. microplus for a few months of the year, 

outbreaks of babesiosis may occur in subsequent months, when ticks return to infest 

pastures (Barros et al., 2005). Outbreaks of babesiosis may also be due to the 
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inadequate control of infestation by ticks in herds, and when introducing sensitive 

breeds to endemic regions (Uilenberg, 2006). 

 The innate, adaptive, cellular and humoral immune response are involved in 

infection control. The presence of B. bovis promotes the induction of cells, such as 

monocytes, dendritic cells and natural killer cells, to produce substances that activate 

macrophages to synthesize and release intermediates, such as nitric oxide; these are 

capable of inhibiting replication and lead to the degeneration of B. bovis (Shoda et 

al., 2000). Young cattle are more resistant to B. bovis infection than adults due to the 

development of protective immunity between 5 and 6 months of age through 

maternal antibodies, and the strong innate immune response (Trueman and Blight, 

1978; Goff et al., 2003). 

Host breed is an extremely relevant factor related to the animal response to 

these parasites. European breeds of cattle are known to have increased susceptibility 

to tick infestation compared to Zebu breeds, as well as the existence of genetic 

variability for the tick resistance trait (Frisch, 1999). In addition, the resistance 

acquired in tick-resistant breeds develops earlier and reaches higher levels than in 

susceptible breeds (Wagland, 1978). The same pattern has been observed in studies 

with B. bovis (Bock et al., 1997; Jonsson et al., 2008; Bilhassi et al., 2014). This 

pattern has led the great majority of Brazilian farmers to choose pure Zebu animals 

(Jonsson, 2006). 

The detection of B. bovis-infected animals can be done through serological 

tests, such as the enzyme-linked immunosorbent assay (ELISA), which quantifies 

antibodies to B. bovis, and PCR-based techniques (polymerase chain reaction) with 

high sensitivity and specificity, as it allows the amplification of the protozoa DNA 

using bovine blood samples; in addition, it allows the quantification of that DNA using 

qPCR (Buling et al., 2007; Giglioti et al., 2017). 

 Benavides and Sacco (2007) demonstrated the existence of phenotypic 

variation for B. bovis in Bos taurus, and the greater susceptibility of Hereford cattle to 

B. bovis infection compared to Aberdeen Angus cattle. The authors classified adult 

Angus and Hereford cattle into three different phenotypes: susceptible animals that 

presented clinical signs of babesiosis and received treatment to avoid death; animals 

of an intermediate phenotype that presented a reduction of the globular volume (GV, 
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≥ 21.5%), but without clinical signs and without the need for treatment; and resistant 

animals that presented a reduction of the GV (<21.5%), without clinical signs and that 

did not require treatment; 51.7% and 39.2% of the Hereford and Angus breeds 

animals presented a susceptible phenotype, respectively. Using the qPCR technique 

to estimate the level of B. bovis infection in Nelore, Nelore x Angus and Angus 

crossbred animals, Bilhassi et al. (2014) concluded that Nelore and Nelore x Angus 

cattle are able to maintain infection by this protozoa at lower levels than Angus cattle, 

since the animals of the latter group had a higher number of B. bovis DNA copies 

compared to the other groups. 

 The TC and IB are partly genetically determined and the existence of 

between- and within-breed variation suggests that it is possible to apply animal 

breeding tools for the control of tick infestation and the level of parasitemia of B. 

bovis by identifying and selecting tick-resistant animals and animals with lower levels 

of B. bovis. In this way, future generations of animals will be more resistant and/or 

tolerant than their parents; this has been demonstrated for tick infestation. The use of 

available methods for genetic studies may also be important for a better 

understanding of these traits, and whether there is any association between them. 

 

2.3. Proposed approaches for genetic study of babesiosis infection levels in 

cattle.  

 Once the genetic variability of a trait is detected in a population, the estimation 

of genetic parameters is necessary to maximize the response to selection. For this, 

mixed linear models are the most used method to estimate components of variance, 

and assume that the response variable follows a Gaussian distribution (Lynch and 

Walsh, 1998). For this reason, most of the studies use the log10 of the tick count as 

the phenotype for tick resistance, and the estimate of heritability in beef cattle in 

Brazil is around 0.20 (Fraga et al., 2013; Ayres et al., 2014; Cardoso et al., 2015; 

Biegelmeyer et al., 2017). However, a few papers propose the application of 

generalized linear models using a Poisson distribution for untransformed tick count 

data. Ayres et al. (2013) suggested that the Poisson model fits better than the linear 

model for tick counts in cross-bred cattle (Hereford x Nellore) and reported a 

heritability equal to 0.14. When counting data contains excess zeros, the zero 
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inflated Poisson (ZIP) model is recommended (Rodrigues-Motta et al., 2007; Silva et 

al., 2011). Using the ZIP model in sheep, Sae-Lim et al. (2017) estimated a posterior 

mean heritability of 0.32 for TC.   

 No quantitative genetic studies were found for levels of babesiosis infection in 

cattle. Bullying et al. (2007) developed a protocol that allows for the quantification of 

babesiosis in samples of DNA extracted from bovine blood, which can be used as the 

phenotype. Using this technique, Giglioti et al. (2016, 2017) estimated the 

repeatability of the level of B. bovis, log10 transformed, in the blood of Angus cattle in 

collections made in two seasons of the year; they reported low estimates. However, 

Giglioti et al. (2018) reported moderate repeatability estimates in Canchim cattle in 

four stages according to the animals’ age range (8 to 25 months of age). In addition, 

there seems to be no phenotypic correlation between tick counts and B. bovis levels 

(Giglioti et al., 2016, 2018). 

 Selection using only phenotypic measures for babesiosis can be difficult and 

costly. Therefore, the use of molecular information can allow for the evaluation of the 

animals without the need to obtain the phenotype, as well as increase the accuracy 

of the evaluations for the animals with phenotypic information. In this scenario, 

genetic improvement programs also need to improve the tools used. Since one of the 

main objectives of breeding programs is to accelerate the response to selection per 

unit of time (Van Eenennaam et al., 2014), genomic selection is an important 

potential tool for improving a breeding program, and has shown good results, 

especially for traits that are difficult to measure, traits that are expressed in only one 

sex or after slaughter, traits related to disease resistance, and traits of low heritability 

(Meuwissen et al., 2001).   

 According to Van Eenennaam et al. (2014), the limited data of difficult-to-

measure and economically-relevant traits are among the main factors that prevent 

the adoption of genomic selection in beef cattle; for these traits, the use of genomic 

selection would be the most appropriate tool. Studies with both simulated and real 

data have shown a greater accuracy of prediction in genomic selection in relation to 

predictions based only on phenotypic and pedigree data, offering great opportunities 

to increase the rates of genetic progress. In addition, genomic selection makes it 
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possible to obtain genetic values earlier in life and with greater accuracy (De Los 

Campos et al., 2013). 

 In genomic selection, high-density genotyping technologies are used to 

identify molecular markers associated with QTL (loci associated with quantitative 

traits) for a given trait (Van Eenennaam, et al., 2014); such dense panels of SNPs 

(single nucleotide polymorphisms), allow for the exploration of multilocus that are in 

linkage disequilibrium (LD) between QTLs and markers for the prediction of genetic 

values (De Los Campos et al. 2013). The higher the LD between the marker and the 

QTL, the more the markers can explain the genetic variability due to QTLs associated 

with the expression of the traits of interest.  

 Genomic selection studies predict the genetic merit of the animals by 

estimating the effects of the markers, but the evaluation of the isolated effects of the 

markers and the identification of regions in the genome associated with the traits of 

interest are carried out by genome wide associations studies (GWAS). The objective 

of the GWAS is to detect loci associated with complex traits and also depends on the 

LD between SNPs and QTLs (Visscher et al., 2012). These studies have led to many 

scientific discoveries and have found genes and polymorphisms associated with 

important traits (Goddard et al., 2009; Visscher et al., 2012). 

 New applications of animal genetic improvements can be a useful tool to 

understand the interrelationships between economically important traits. The 

knowledge of phenotypic causal networks allows for the prediction of the behavior of 

complex systems, such as the biological pathways behind complex traits related to 

diseases, growth and reproduction. Knowledge of these networks in quantitative 

genetic analyses can improve the prediction of external interventions, which may 

involve farm management and veterinary practices (Rosa et al., 2011; Rosa and 

Valente, 2014). 

 Structural equation modeling (SEM) can be applied to multi-trait models in 

quantitative genetics to study the recursive and simultaneous relations between 

phenotypes. Moreover, SEM can generate interpretations of interrelationships 

between traits that differ from those obtained with the traditional multi-trait model, 

which represent only symmetric interrelationships (variances and correlations) 

between phenotypes (Gianola and Sorensen, 2004; Rosa and Valente, 2014). An 
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adaptation of SEM in the mixed models that are typically used in quantitative genetics 

has been described by Gianola and Sorensen (2004). It has since been applied in 

studies with different phenotypes (Maturana et al., 2009; Valente et al., 2011, 2013; 

Bouwman et al., 2014; Inoue et al., 2016). 

 The number of different recursive causal structures among phenotypes that 

can be used to fit SEM can be huge, even when few traits are considered. Hence, in 

a simulation study with five traits, Valente et al. (2010) proposed to search for these 

causal structures using the Inductive Causation (IC) algorithm after adjusting the data 

for the genetic effects. The IC algorithm allows for the investigation of variables that 

have a causal relationship, based on the directed separation concept (Pearl, 1988; 

Verma and Pearl, 1990; Pearl, 2000). Once the structural causal relationship 

between traits is infered, this can be used to define the structural equation model 

(Wright, 1921; Haavelmo, 1943). Therefore, a multiple trait Bayesian model is 

adjusted to obtain the residual covariance matrix, so that this matrix represents the 

functional relations between phenotypes conditioned to genetic effects; the IC 

algorithm is applied to this matrix by performing a series of statistical decisions based 

on partial correlations between traits to find the causal structures. Then, SEM is 

adjusted based on the inferred structure (Valente et al., 2010). 

 In an application study of the methodology described above, Valente et al. 

(2011) showed a further understanding of the phenotypic causal structures of five 

traits related to weight at different ages and egg production in quail, applying prior 

knowledge and the IC algorithm. In another study involving 14 bovine milk fatty acids 

traits, Bouwman et al. (2014) also used prior biological knowledge to direct part of the 

phenotype network and fit a model using SEM. The authors indicated that the SEM 

model was more plausible than the multi-trait model. Moreover, Inoue et al. (2016) 

observed decreases in genetic variance estimates using SEM for some meat quality 

traits in Japanese Black cattle compared to those obtained by applying a multi-trait 

model. The causal effects estimated through the structural coefficient can reveal 

interesting relationships between traits reflecting expected results of external 

interventions, and SEM under different scenarios can produce a better model for 

genetic predictions than the traditional multi-trait model (Valente et al., 2013; Inoue et 

al., 2016).  
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CHAPTER 2 - Estimates of genetic parameters for tick infestation and 

babesiosis in Hereford and Braford cattle using Poisson, 

probit, and linear models 

  
ABSTRACT - Rhipicephalus microplus is a vector of Babesia bovis. Both parasites 
cause considerable losses to Brazilian livestock taurine breeders. The selection of 
resistant animals is an important tool to achieve genetic progress but need reliable 
estimates of genetic parameters. The objective of this study was to estimate genetic 
parameters for tick count and B. bovis in Hereford and Braford cattle, with and 
without logarithmic transformation using linear and generalized linear models. A total 
of 5,867 animals provided tick count records and 1,858 animals for the B. bovis 
records. One to three subsequent counts were performed by manually counting adult 
female ticks on one side of each animal. The tick count records were transformed in 
log (TClog) for analysis using linear model and without transformation (TC) for 
Poisson model. The B. bovis quantification was performed using a qPCR assay to 
obtain the number of copies of mt-cyB from genomic DNA of each animal, with the 
absolute quantification method. Thus, the B. bovis infection level records were 
obtained and transformed in log (BBlog) for analysis using linear model. Whereas, for 
the analysis using probit model, the phenotype was assessed by absence or 
presence of B. bovis in the animal’s blood based on three different thresholds (BBt1: 
BB using the threshold observed; BBt2: BB using threshold as a Cq (quantification 
cycle) mean from a qPCR assay equal to 38; BBt3: BB using threshold as a Cq mean 
from a qPCR assay equal to 37). Estimates of heritability were high for TC (0.363) 
and moderate for TClog (0.189). While for B. bovis heritability estimates were low 
corresponding to 0.021 for BBt1, 0.027 for BBt2, 0.041 for BBt3, and 0.121 for BBlog. 
Moreover, the repeatability estimate was 0.273 for TClog and the genetic correlation 
between TClog and BBlog was 0.043. The selection for TC and for animals that 
possibly maintain lower levels of infection by B. bovis will render short-term and long-
term responses, respectively. Due to lower standard deviations of the variance 
component estimates, the linear animal models were more parsimonious.  
 

Key words: Babesia bovis, generalized linear model, heritability, tick count 
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1. INTRODUCTION 

 

 The Rhipicephalus microplus infestation and tick-borne diseases, such as 

Babesia bovis, constitute a major drawback to improve productivity of beef cattle in 

the tropics. The economic losses are related to the reduction of cattle production, 

mortality, morbidity, costs associated with treatments, in addition to possible 

environmental and public health adverse effects of chemical treatments (McCosker, 

1981; Grisi et al., 2002; Grisi et al., 2014; Meneghi et al., 2016). 

 It is well known the greater resistance of zebu (Bos taurus indicus) animals to 

tick compared to taurine (Bos taurus Taurus) breeds (Frisch, 1999), and differences 

in infection levels of babesiosis have been observed as well (Bock et al.,1997; 

Jonsson et al., 2008; Bilhassi et al., 2014). Estimates of genetic parameters for tick 

resistance can be found in literature for various different cattle breeds, but little is 

known about genetic variability in traits related to resistance to B. bovis.  Knowledge 

of those parameters is crucial to determine whether is possible to achieve genetic 

progress in any trait under selection and to the design of effective breeding 

programs. 

 Standard procedures using linear mixed models to estimate variance 

components assume that the response variable follows a Gaussian distribution 

(Lynch and Walsh, 1998). For this reason, most of the studies with tick count data 

transform the records in log10 to apply the normality assumptions. However, this 

alternative may not be ideal, whereas the tick count is a discrete variable. For 

babesiosis, recent studies have been used molecular methods (Moumouni et al., 

2015; Guswanto et al., 2017), including qPCR assays, that allows for the infection 

level to be quantified (Buling et al., 2007). However, the majority of the tests, 

including PCR and nested-PCR methods allow only the detection of the presence of 

the protozoa in the blood, leading to positive or negative diagnosis (Oliveira-Sequeira 

et al, 2005; Mosqueda et al., 2012). Thus, the babesiosis can be defined as a 

categorical trait stating the presence or absence of the disease. Therefore, 

generalized linear models could be more appropriate for these two traits in breeding 

studies.   
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 Although Poisson models have been proposed for tick infestation (Sae-Lim et 

al.; 2017), the genetic analysis of this trait in Brazilian beef cattle is often performed 

by using a logarithmic transformation on the tick count data (Ayres et al., 2014; 

Cardoso et al., 2015; Biegelmeyer et al., 2017). No studies have been found in the 

literature regarding estimates of genetic parameters for B. bovis. Therefore, the 

objective of this study was to estimate genetic parameters for tick infestation and B. 

bovis in Hereford and Braford cattle, with and without logarithmic transformation 

using linear, Poisson, and probit models. 

 

2. MATERIALS AND METHODS  

 

2.1. Data  

 The data came from a Hereford and Braford (racial composition between ½ 

Hereford + ½ Zebu and ¾ Hereford + ¼ Zebu) cattle herd grazed in pastures in 

southern Brazil and belonging to the Delta G Connection breeding program (Gensys 

Associated Consultants, Porto Alegre, RS, Brazil), and include pedigree information, 

in addition to phenotypic records on tick count, and Babesia bovis. The data was 

collected between years 2010 and 2013, and the average cattle age during the 

evaluation period was 17.5 months (10.9 to 23.1 months). Additional details are 

provided below and in Table 1. 

 Tick count: One to three subsequent tick counts were performed by manually 

counting adult female ticks (at least 4.5 mm in length) on one side of each animal 

naturally exposed to ticks, held in a squeeze chute (Wharton and Utech, 1970). Ticks 

counting were performed in late spring and summer. For evaluations repeated in 

time, the minimum period between counts was 30 days. The tick count records were 

transformed in log10(x + 1) [TClog] for analysis using linear model approach and 

without transformation (TC) for Poisson model. 

 Babesia bovis: To quantify B. bovis; first, the genomic DNA of each animal 

was extracted from 300 μl of blood using the DNA Easy kit (Invitrogen, USA), and the 

concentration and quality of the DNA was determined in a NanoDrop 

spectrophotometer (NanoDrop Technologies Inc., Wilmington, Delaware, USA). The 
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CFXTM Real-Time PCR Detection System (BioRad, Hercules, CA, USA) was used to 

perform qPCR, using the primers cbosg 1 (forward) 

5’-TGTTCCTGGAAGCGTTGATTC-3’ and cbosg 2 (reverse)  

5'-AGCGTGAAAATAACGCATTGC-3' (Buling et al., 2007), which amplify an 88 bp 

fragment from the cytochrome b gene of B. bovis (Salem et al., 1999; Buling et al., 

2007; Giglioti et al., 2018). The standard curves were plotted using ten-fold dilutions 

of synthetic DNA gBlocks® Gene Fragments (IDT, Coralville, IA, USA). All samples 

and controls were tested in duplicate. The Cq (quantification cycle) threshold was set 

at 200 RFU (relative fluorescence unit). Samples with standard deviation > 0.5 

(duplicate) were retested and samples presenting log10 DNA copies > 0 and specific 

temperature melting (Tm) (77.5 ± 0.5) were considered as positive. Thus, the B. 

bovis infection level records were obtained and transformed in log10(x + 1) [BBlog] 

for analysis using linear model approach. For the analysis using probit model, the 

phenotype was assessed by absence or presence of B. bovis in the animal’s blood, 

categorized as 0 or 1, respectively. For that, we used three thresholds to categorize 

the absence or presence of B. bovis: observed (BBt1), Cq mean equal to 38 (BBt2), 

and Cq mean equal to 37 (BBt3). For BBt1 the value 1 was attributed to animals that 

was considered as positive according to the technique describe above; otherwise, 

the value was 0. For BBt2, when the sample presented Cq mean smaller than 38 the 

animal was categorized as 1; and for Cq mean equal or greater than 38 the animal 

was categorized as 0. For BBt3 the value 1 was assigned to animals that presented 

Cq mean smaller than 37; otherwise, the value 0 was assigned. The reason for 

analyzing different thresholds is because of the sensibility of qPCR assay tends to 

decrease when the amounts of target molecules are small (Buling et al., 2007). 

Furthermore, a low level of B. bovis in the animal blood does not mean that the 

individual is not healthy; indeed, these animals could be healthy carriers (Bock et al., 

2004). 

 Tick counts were performed once in about 10% of the animals, twice in 43% of 

the animals, and three times in 47% of the animals. Also, the percentage of 

observations equal to zero for TC was small (3.5%). As expected, for BB the number 

of records assigned as 0 increased when the threshold of Cq mean decreased (Table 

1).  
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 The contemporary groups (CG) [Table 1] were composed from farm, sex, year 

and season of birth, and management group; else, for tick count trait, date of 

phenotypic evaluations was included in CG. Contemporary groups for B. bovis 

considered as a categorical trait in which all animals presented same response (0 or 

1) were not included in the analysis. 

 

Table 1. Number of records (n), records assigned as 0 (n0), records assigned as 1 
(n1), minimum (min), maximum (max), means, and contemporary groups (CG) 
represented for tick count (TC), tick count log transformed (TClog), presence or 
absence of Babesia bovis (BB) at different thresholds, and log of Babesia bovis 
infection level (BBlog) in Braford and Hereford cattle.  

Traits¹ n n0 n1 min max mean SD CG 

TC 13,866 - - 0 599 38.34 48.31 227 

TClog 13,874 - - 0 2.78 1.38 0.47 227 

BBt1 1,858 476 1,382 - - - - 15 

BBt2 1,858 486 1,372 - - - - 15 

BBt3 1,858 509 1,349 - - - - 15 

BBlog 1,858 - - 0 5.19 1.61 1.14 15 

1 BBt1: BB using the threshold observed; BBt2: BB using threshold as a Cq mean from a qPCR assay 
equal to 38; BBt3: BB using threshold as a Cq mean from a qPCR assay equal to 37. 

 

2.2. Statistical models 

 

2.2.1. Generalized linear mixed models 

  

 Response variables were tick counts (TC), and the binary variable of Babesia 

bovis using different thresholds to define presence or absence (BBt1, BBt2, and 

BBt3). The models used belong to the class of generalized linear mixed models 

(GLMM) which are appropriate for analysis of data from the exponential distribution 

family. The GLMM specifies a link function between the expected value of a random 

variable (response variable y) and the linear function of the explanatory variables 

(McCullagh and Nelder, 1989; Tempelman, 1998; Agresti, 2002). The GLMM can be 
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used to estimate genetic parameters by introducing information on genetic 

relationships between individuals into the model (Henderson, 1976).  

 The linear predictor of the models can be represented as follows: 

𝜂𝑖𝑗𝑘 = 𝛽0 + 𝐶𝐺𝑖 + 𝑏1𝑅𝐶𝑗 + 𝑏2𝐴𝑗𝑘 + 𝑏3𝐴𝑗𝑘
2 +  𝑏4𝐷𝐶𝑗 +  𝑎𝑗 +  𝑝𝑗𝑘, 

where 𝜂𝑖𝑗𝑘 is a function of the expected TC or BB of a specific animal (linear 

predictor); 𝛽0 is an intercept; 𝐶𝐺𝑖 is the fixed effect of ith contemporary group; 𝑏1 is 

the linear effect of racial composition 𝑅𝐶 (Zebu proportion and heterozygosity) of 

animal j; 𝑏2 and 𝑏3 are the linear and quadratic effects of age 𝐴𝑔 of animal j at 

phenotype recording k; 𝑏4 is the linear effect of the total DNA concentration available 

for pPCR assays 𝐷𝐶 of animal j; 𝑎𝑗 is a random effect for additive genetic of the jth 

animal; 𝑝𝑗𝑘 is a random effect for permanent environmental of the jth animal at kth 

phenotype recording (k = 1, 2, or 3). The permanent environmental effects were 

included only in the model for TC. The animal age effect was considered just for TC 

trait model. Moreover, the effect of the total DNA concentration was considered just 

for Babesia Bovis models. The following distribution was assumed for the vector of 

random effects: 

[
𝐚
𝐩] ~ N {[

𝟎
𝟎

] , [𝐀𝛔𝑎
𝟐

𝟎
 

𝟎
𝐈𝛔𝑝

𝟐]},  

where a is a vector of additive genetic effect; p is a vector of permanent 

environmental effect; 𝛔𝑎
𝟐 and 𝛔𝑝

𝟐 are the variance components for random effects 𝑎𝑗 

and 𝑝𝑗𝑘, respectively. A is the additive genetic relationship matrix between 

individuals; and I is an identity matrix. Additive genetic effect and permanent 

environmental effect were assumed to be independent of residuals in the models.  

 Poisson Model. A mixed effects Poisson model was fitted for TC. For Poisson 

models, the mean and variance of the conditional distribution of the observations, 

given the random effects, are assumed to be equal. Additionally, the Poisson model 

does not have a residual. The mixed Poisson model for TC assumed that the number 

of ticks of the jth animal at kth phenotype recording, in the contemporary group i, 

racial composition RC, at age A followed a Poisson distribution, given the random 

effects, with parameter 𝜆𝑖𝑗𝑘. Further, 

𝑙𝑜𝑔(𝜆𝑖𝑗𝑘) =  𝜂𝑖𝑗𝑘 
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 The distribution assumed for the vector of random effects (additive genetic 

effect and permanent environmental effect) was described previously, except that the 

corresponding variances were at the level of the log-Poisson parameters. 

 For the Poisson model, Foulley et al. (1987) suggested a heritability 

approximation in the η-scale (log scale), which would be: 

ℎ2 =  
𝜎𝑎

2 

𝜎𝑎
2  +  𝜎𝑝

2 +  𝜆−1
 

where σa
2 is the additive genetic variance, σp

2 is the permanent environmental 

variance, and λ is the average Poisson parameter for the entire period.  

 Probit Model. The BB models (BBt1, BBt2, and BBt3) were analyzed with a 

mixed effects probit model (Gianola and Foulley, 1983). The model describes 

variation at the level of an underlying random variable z (liability). Above a certain 

unknown threshold, the outcome for Babesia bovis was “presence” and below that 

threshold, the outcome was “absence.” In a binary response situation, the threshold 

was set to zero, such that 

𝐵𝐵𝑖𝑗𝑙 = {
1 𝑖𝑓 𝑧𝑖𝑗𝑙 > 0

0  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

The model for the latent variable was: 

𝑧𝑖𝑗𝑙 =  𝜂𝑖𝑗 +  𝑒𝑖𝑗𝑙, 

where 𝑧𝑖𝑗𝑙 is the unobserved liability to Babesia bovis of individual j, contemporary 

group i, racial composition RC, DNA concentration DC, and 𝑒𝑖𝑗𝑙 is the random 

residual component associated with the observation from individual j. The conditional 

distribution of BB models (BBt1, BBt2, and BBt3) can be represented as follows: 

𝐵𝐵𝑖𝑗𝑙 | 𝑓𝑖𝑥𝑒𝑑 𝑎𝑛𝑑 𝑟𝑎𝑛𝑑𝑜𝑚 𝑒𝑓𝑓𝑒𝑐𝑡𝑠 ~ 𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 [Φ(𝜂𝑖𝑗)], 

where Φ(. ) is the standard normal cumulative distribution function. Given the random 

effects, all Babesia bovis records were assumed to be independent, so the joint 

distribution of the observed data was the product of Bernoulli distributions. In 

addition, a random residual effect was assumed to be normally and independently 

distributed, with mean 0 and variance 1. The GLMM described above were fitted 

using the pedigreemm R package (Vazquez et al., 2010). 

 

2.2.2. Linear animal model 
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 For log transformed response variables, TClog and BBlog, a bivariate analysis 

was used to estimate components of (co)variance by using linear-animal model in a 

Bayesian inference context. The mathematical description of the model used can be 

represented as follows: 

𝐲 = 𝐗𝛃 + 𝐙𝟏𝐚 + 𝐙𝟐𝐩 + 𝐞, 

with the joint distribution of vectors a, p, and e as   

[
𝐚
𝐩
𝐞

] ~ N {[
0
0
0

] , [

𝐆𝟎 𝐀 0 0
0 𝐏𝟎 𝐈 0
0 0 𝐑𝟎 𝐈

]},  

where y is a vector of observations; β is a vector of systematic (fixed) effects; a is a 

vector of random additive genetic direct effects; p is the vector of permanent 

environmental effects, included as random; e is a vector of random residuals; X, Z1, 

and Z2 are known incidence matrices; G0 and P0 are the additive genetic direct and 

environmental permanent effects (co)variance matrices, respectively ; A is the matrix 

with Wright's coefficients of relationship; R0 is the residual (co)variance matrix; and I 

is an identity matrix with suitable dimensions. The permanent environmental effects 

only were included in the model for TClog. Therefore, p, Z2, and P0 were not 

considered for BBlog. 

The systematic effects were the same describe above for GLMM: 

contemporary groups, racial composition, the linear and quadratic effects of animal 

age (only for TClog trait), the linear effect of total DNA concentration available for 

pPCR assays (only for BBlog trait).  

 The program GIBBS2F90 (Misztal et al., 2002) was used to obtain samples 

from the posterior distributions of genetic, permanent environmental, and residual 

(co)variances. A Gibbs sampling chain with 500,000 samples was generated, with 

the initial 50,000 samples discarded as burn-in based on visual inspection of trace 

plots and the convergence tests of Brooks, Gelman, and Rubin (Gelman and Rubin, 

2006) and Geweke (1992) as well as of Heidelberg and Welch (1983) using the 

package coda (Plummer et al., 2006) of the R software (R Core Team, 2013). The 

posterior distributions of the variance and covariance components were 

approximated based on the remaining 450,000 samples. 
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3. RESULTS AND DISCUSSION 

 

The results of variance components estimated for each model are shown in 

Table 2. For BBt1, BBt2, and BBt3 variances are in the liability scale, while for the 

Poisson model variances are in the log(λ) scale. As mentioned before, for the probit 

models the residual variance was set to 1, whereas the Poisson model does not have 

a residual term. In addition, the λ parameter in the Poisson model for TC ranged 

between 0.012 and 523.191 with an average and SD of 38.341 and 43.707, 

respectively. For linear animal models the results were obtained by Bayesian animal 

model in a bivariate analysis for TClog and BBlog traits, therefore, the (co)variance 

components were showed as posterior means. 

 

Table 2. Estimates of variance components and SD (within parentheses) for tick 
count (TC), tick count log transformed (TClog), presence or absence of Babesia 
bovis (BB) at different thresholds, log of Babesia bovis infection level (BBlog) using 
Poisson, probit, and linear models in Braford and Hereford cattle. 

Variance 
component1 

Poisson Linear Probit2 Linear 

TC TClog BBt1 BBt2 BBt3 BBlog 

σa
2 

 
0.125 

(0.354) 
0.019 

(0.003) 
0.022 

(0.148) 
0.027 

(0.165) 
0.042 

(0.206) 
0.138 

(0.071) 
σp

2 

 
0.194 

(0.440) 
0.008 

(0.003) 
- - - - 

σe
2 

 
- 0.072 

(0.001) 
1 1 1 1.000 

(0.231) 
h² 0.363 0.189 0.021 0.027 0.041 0.121 
1σa

2 = additive genetic variance; σp
2 = permanent environmental variance; σe

2 = residual variance; h² = 
heritability. 
2BBt1: BB using the threshold observed; BBt2: BB using threshold as a Cq mean from a qPCR assay 
equal to 38; BBt3: BB using threshold as a Cq mean from a qPCR assay equal to 37. 

 

Estimates of heritability for tick counts were high (0.363) and moderate (0.189) 

for Poisson and linear models, respectively (Table 2). In addition, the repeatability 

estimate was high for TClog (0.273±0.011). The most frequent model for analysis of 

animal breeding data is the standard linear model (Henderson, 1984). Therefore, in 

an attempt to obtain a normal distribution, the models frequently used to estimate 

variance components and genetic parameters for tick count apply logarithmically 

transformation. Using these models, the estimates of heritability have been lower 

than that obtained using GLMM, being about 0.20 in Brazilian beef cattle herds 



32 

 

 

 

(Cardoso et al., 2015; Shyma et al., 2015; Biegelmeyer et al., 2017), which is in 

agreement with TClog heritability observed in this study. The heritability for tick count 

using Poisson model was higher compared to the heritability obtained using the 

linear model, however the standard deviations of the variance component estimates 

were higher for Poisson model. Genetic studies with non-transformed tick count data 

in beef cattle, using generalized linear mixed models are still lacking in the literature. 

Ayres et al. (2013) suggested that the Poisson model fits better than linear model for 

tick count data of crossbreed Hereford x Nellore cattle, and the heritability using 

Poisson models was also higher compared to those obtained by fitting linear models 

with or without logarithmic transformation tick records. Also, Sae-Lim et al. (2017) 

used alternative non-linear models for tick infestation on lambs and the results 

showed that zero-inflated Poisson (ZIP) was the most parsimonious model for the 

analysis of tick count data with excessive presence of zeroes. These authors also 

reported a high posterior mean for the heritability estimate (0.32). Poisson model is 

applicable when the tick count data contain zeroes, but not zero inflated (excessive 

zeroes) (Silva et al., 2011). The ZIP model was not applied in our study because the 

tick count data provided do not present excessive zeroes. 

The heritability estimates for presence or absence of B. bovis were low, 0.021 

for BBt1, 0.027 for BBt2, and 0.041 for BBt3. The posterior mean of heritability was 

higher for log of B. bovis infection level, but still low (0.121) [Table 2]. These 

estimates suggest the possibility of selection to reduce infection level of B. bovis, but 

genetic progress would be slow. Nevertheless, even small alterations may positively 

impact production efficiency of the herd, because the selection may be an alternative 

to facilitate the control of this parasite. No studies, to date, were found in the literature 

regarding estimates of genetic parameters for babesiosis. The heritability estimates 

obtained in the present study using the Probit models were not the same throughout 

the thresholds considered for B. bovis. The genetic variance estimated of BBt3 was 

higher than for BBt1 and BBt2, and for this reason the heritability using the threshold 

that permitted more records assigned as absence of B. bovis was higher. The B. 

bovis resistance is a complex trait that involves the interaction with the host and the 

biological complex system that is still poorly understood. Thus, it is difficult to 

determine the best threshold to consider an animal as healthy or non-healthy, even 
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because almost 100% of animals could be B. bovis carries (Giglioti et al., 2016), and 

the low parasitemia levels may persist for long periods without causing apparent 

harm to the animals (Zintl et al., 2005). For this reason, the selection of animals 

possibly resistant to B. bovis can be more efficient using B. bovis infection level as 

phenotype.  

Furthermore, the bivariate animal linear model analysis showed a weak 

genetic correlation between TClog and BBlog (0.043 ±0.137; 95% highest posterior 

density interval = -0.235, 0.316). This result suggests that selection for tick resistance 

would not change the level of B. bovis infection. This results also suggest that the 

level of infection for B. bovis would not be useful in the prediction of breeding values 

for tick count. Giglioti et al. (2016) and Giglioti et al. (2018) observed no phenotypic 

correlation between tick counts and B. bovis levels in animals of Angus and Canchim 

breeds. 

 

4. CONCLUSIONS 

 

 The selection for tick infestation and for animals that possibly maintain lower 

levels of infection by Babesia bovis will render short-term and long-term responses, 

respectively. Due to lower standard deviations of the variance component estimates, 

the linear animal models were more parsimonious for the dataset used in this study. 
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CHAPTER 3 - Genomic study of Babesia bovis infection level and its 

association with tick count in Hereford and Braford cattle 

 

 ABSTRACT - Bovine babesiosis is a tick-borne disease caused by intra-
erythrocytic protozoa and leads substantial economic losses for the livestock industry 
throughout the world. The genetic improvement could be an important tool for 
Babesia bovis infection control. The objective of this study was to estimate genetic 
correlation between infection level of B. bovis (IB) and tick count (TC), evaluate 
predictive ability and application of genomic selection and performed genome wide 
association studies in Hereford and Braford cattle using single step GBLUP model. 
The IB quantification was performed using the qPCR assays. One to three 
subsequent tick counts were performed by manually counting adult female ticks on 
one side of each animal naturally exposed to ticks. Animals were genotyped using 
SNPs Illumina BovineSNP50 panel. The posterior mean of IB heritability estimated by 
Bayesian animal model in a bivariate analysis was low (0.1), and the estimations of 
genetic correlation between IB and TC were very low as well. The cross validation 
genomic prediction accuracy for IB ranged from 0.18 to 0.35, and from 0.29 to 0.32 
for k-means and random clustering. The GWAS results showed that the top 10 SNP 
explained a total of 5.04% of genetic variance for IB, and they were located on 
chromosomes 24, 16, 1, 12, 18, 26, 6, 2, 17, and 5. Genomic predictions could be 
used as a tool to improve genetics for IB in Hereford and Braford cattle, especially for 
larger and randomly training populations. Moreover, some genomic regions 
associated with candidate genes related to immunity system were identified, and, it 
seems that some candidate genes are involved in resistance biological process in 
both traits 
 
Keywords: babesiosis, genetic parameters, genomic selection, GWAS 
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1. INTRODUCTION 

 

 Bovine babesiosis is a tick-borne disease caused by intra-erythrocytic 

protozoa of the Babesia genus and leads substantial economic losses for the 

livestock industry throughout the world (McCosker, 1981; Nari, 1995; Grisi et al., 

2014). In Brazil, bovine babesiosis is caused by Babesia bovis and B. bigemina, 

which are exclusively transmitted by one-host-tick Rhipicephalus microplus 

(Guglielmone et al., 1995; Oliveira-Sequeira et al., 2005). B. bovis is the most 

pathogenic species (Bock et al., 2004). The infective forms, which are in tick saliva, 

invade the host erythrocytes, multiply until the hemolysis, and invade new 

erythrocytes until the host dies or develops immunity (Hunfeld et al., 2008). Calves 

have an innate age-related resistance to babesiosis. Animals born and reared in 

endemic areas are exposed during the period of natural resistance and will develop 

immunity to the disease (Bock et al., 2004); on the other hand, in regions of endemic 

instability, outbreaks of babesiosis may occur when ticks re-infest the pastures 

(Barros et al., 2005). 

 The level of B. bovis infection in bovines blood samples has been successfully 

quantified through the qPCR assays (Buling et al., 2007; Bilhassi et al. 2014; Giglioti 

et al. 2016, Giglioti et al., 2018). As well as, differences in these levels analyzed, 

using different methods, have been observed between zebu (Bos taurus indicus) and 

taurine (Bos taurus Taurus) breeds (Bock et al., 1997; Jonsson et al., 2008; Bilhassi 

et al., 2014). This could suggest a greater resistance to babesiosis of zebu breeds. 

However, no quantitative genetic studies have been found in the literature focused on 

infection level of B. bovis, although the phenotypic variation has been reported 

(Benavides e Sacco, 2007; Bilhassi et al., 2014), and little is known regarding the 

association between this trait and tick resistance.  

   Thus, genetic improvement could be an important tool for B. bovis infection 

control. Likewise, it has been shown it is possible to control tick infestation through 

selection of tick-resistant animals (Ayres et al., 2014; Cardoso et al., 2015; 

Biegelmeyer et al., 2017). The advance in molecular genetic techniques allowed the 

incorporation of genetic markers, as SNPs (Single Nucleotide Polymorphisms), into 
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breeding analysis obtaining accurate predictions early (De Los Campos et al., 2013). 

The genomic selection is a powerful strategy to increase the rate of genetic gain 

especially in traits where selection on phenotypic records is difficult, such as disease 

resistance traits, and low-heritability traits (Meuwissen et al., 2001; Van Eenennaam 

et al., 2014). Moreover, with SNPs information is possible to detect regions at animal 

genome that could be associated with B. bovis infection level thought genome wide 

association studies (GWAS), and thus, contribute to a better understanding of this 

economically important and complex trait (Visscher et al., 2012). 

 Therefore, for a better understanding of B. bovis infection level (IB) and its 

association with tick resistance, the objective of this study was to estimate genetic 

correlation between IB and tick count (TC), evaluate predictive ability and application 

of genomic selection and perform genome wide association studies for IB in Hereford 

and Braford cattle. 

 

2. MATERIALS AND METHODS 

 

2.1. Phenotype data  

 The data set was provided by Delta G Connection breeding program (Gensys 

Associated Consultants, Porto Alegre, RS, Brazil) and included Hereford and Braford 

(racial composition between ½ Hereford + ½ Zebu and ¾ Hereford + ¼ Zebu) cattle 

grazed in pastures in southern Brazil. In addition to phenotypic records on Babesia 

bovis infection level (IB) and tick count (TC), pedigree information of the last three 

generations and genotype data was included. A total of 5,867 (1,915 Hereford and 

3,952 Braford) animals provided TC records and, for the IB records, 1,858 animals 

(225 Hereford and 1,633 Braford) were evaluated. The data was collected between 

years 2010 and 2013, and the average cattle age during the evaluation period was 

17.5 months (10.9 to 23.1 months). 

 Babesia bovis infection level. Genomic DNA was extracted from 300 μl of 

animal blood using the DNA Easy kit (Invitrogen, USA), and the concentration and 

quality of this DNA was determined in a NanoDrop spectrophotometer (NanoDrop 

Technologies Inc., Wilmington, Delaware, USA). After that, the DNA samples were 

kept at -80°C until further analysis. The qPCR was performed through the CFXTM 
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Real-Time PCR Detection System (BioRad, Hercules, CA, USA) using the primers 

cbosg 1 (forward) 5’ -TGTTCCTGGAAGCGTTGATTC-3’ and cbosg 2 (reverse) 5'-

AGCGTGAAAATAACGCATTGC-3' (Buling et al., 2007), which amplify an 88 bp 

fragment from the cytochrome b gene of B. bovis (Salem et al., 1999; Buling et al., 

2007), according to Giglioti et al., (2018). The standard curves were plotted using 

ten-fold dilutions of synthetic DNA gBlocks® Gene Fragments (IDT, Coralville, IA, 

USA). All samples and controls were tested in duplicate. The threshold was set at 

200 RFU (relative fluorescence unit). Samples with standard deviation > 0.5 

(duplicate) were retested and samples presenting Log10 DNA copies > 0 and specific 

temperature melting (Tm) (77.5 ± 0.5 oC) were considered as positive.  

 Tick count. The animals were naturally exposed to ticks, and when, visually, 

the average of each animal infestation exceeded about 20 engorged tick females one 

to three subsequent tick counts were performed by manually counting adult female 

ticks (at least 4.5 mm in length) on one side of each animal (Wharton and Utech, 

1970). Ticks counting were performed in late spring and summer, and the minimum 

period between counts was 30 days. The TC data was collected between years 2010 

and 2013, and the average cattle age during the evaluation period was 17.5 months.  

 For the analyses, the IB and TC records were transformed in log10(x + 1). The 

descriptive statistics are shown in Table 1. 

 

Table 1. Descriptive statistics for Babesia bovis infection level (IB) and tick counts 
(TC) in Braford and Hereford cattle.  

Traits N¹ Mean2 SD2 Minimum Maximum2 

IB 1,858 719.9 (1.6) 5,920.68 (1.14) 0 154,199.5(5.2) 

TC 13,874 38.9 (1.4) 48.46 (0.47) 0 600 (2.8) 

1 number of records 
2 log transformed scale data is shown in parentheses. 

 

2.2. Genotype data 

 A total of 4,496 animals were genotyped with the Illumina BovineSNP50 

BeadChip (50K; Illumina, San Diego, CA). Genotype quality control was performed 

using R/snpStats package (Clayton, 2014) to remove samples with call rate < 0.90, 

heterozygosity 3.0 SD above or below the observed mean, mismatching sex, and 
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duplicated records. Only SNP mapped to the autosomes, with call rates > 0.98, minor 

allele frequencies (MAF) > 0.03, and not in highly significant deviation from Hardy-

Weinberg equilibrium (P > 10–7), were considered for the analyses. In addition, only 

the SNP with the highest MAF was retained when two adjacent SNP were highly 

correlated (r > 0.98). After quality control 39,919 SNP marker and 4,388 samples 

remained for the statistical analysis. 

  
2.3. Statistical models 
 

 The genetic parameters estimations for IB and TC were performed by 

Bayesian inference in a bivariate analysis using animal model. The model can be 

represented as follows: 

𝐲 = 𝐗𝛃 + 𝐙𝟏𝐚 + 𝐙𝟐𝐩 + 𝐞 

with the joint distribution of vectors a, p, and e as   

[
𝐚
𝐩
𝐞

] ~ N {[
0
0
0

] , [

𝐆𝟎 𝐇 0 0
0 𝐏𝟎 𝐈 0
0 0 𝐑𝟎 𝐈

]},  

where y is a vector of observations; β is a vector of systematic (fixed) effects; a is a 

vector of random additive genetic direct effects; p is the vector of permanent 

environmental effects, included as random; e is a vector of random residuals; X, Z1, 

and Z2 are known incidence matrices; G0 and P0 are the additive genetic direct and 

environmental permanent effects (co)variance matrices, respectively; H is the 

additive genetic relationship matrix; R0 is the residual (co)variance matrix; and I is an 

identity matrix with suitable dimensions. The permanent environmental effects only 

were included in the model for TC. Therefore, p, Z2, and P0 were not considered for 

IB.  

 The H matrix combines genotype and pedigree information (Aguilar et al., 

2010; Legarra et al., 2009) and its inverse (H-1) can be describe in a matrix notation 

as: 

H-1 = A-1 + [
0 0
0 𝐆−1 − 𝐀𝟐𝟐

−1], 

where G is a genomic relationship matrix constructed as in VanRaden (2008) using 

current allele frequencies, and A22 is a numerator relationship matrix only for 

genotyped animals. 
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 With respect to the systematic effects, contemporary groups (CG) were 

included for IB and TC, as well as the effect of racial composition (Zebu proportion, 

heterozygosity, and recombination loss). The linear and quadratic effects of animal 

age were considered only for TC. The linear effect of total DNA concentration 

available for pPCR assays was considered for IB. The CG was composed by animal 

from the same farm, sex, year and season of birth, and management group. For TC, 

the date of the phenotypic evaluations was also included in the CG. Contemporary 

groups with less than three observations were excluded from the data set. Numbers 

of CG for IB and TC were 15 and 227, respectively. 

 The program GIBBS2F90 (Misztal et al., 2002) was used to obtain samples 

from the posterior distributions of genetic, permanent environmental, and residual 

(co)variances. A Gibbs sampling chain with 500,000 samples was generated, with 

the initial 50,000 samples discarded as burn-in based on visual inspection of trace 

plots and the convergence tests of Brooks, Gelman, and Rubin (Gelman and Rubin, 

2006) and Geweke (1992) as well as of Heidelberg and Welch (1983) using the 

package coda (Plummer et al., 2006) of the R software (R Core Team, 2013). The 

posterior distributions of the variance and covariance components were 

approximated based on the remaining 450,000 samples. 

 The genomic selection study for IB was performed by single-step GBLUP 

(ssGBLUP) approach that combined genomic and pedigree relationship using the H 

matrix, as described above. The effects considered in the model were the same 

previously described for IB trait. The predictive ability of genomic selection for IB was 

assessed by cross-validation. The 1,855 animals (1,631 Braford and 224 Hereford) 

with genotypes and IB phenotypes were divided into 3 groups by 2 strategies using R 

(R Core Team, 2013). The strategies to divide the groups were k-means clustering of 

marker relationship distances, and at random replicated 10 times. Average genomic 

relationships of each animal with all others within and between groups were 

calculated to characterize relatedness between training and validation sets (Saatchi 

et al., 2011). For each grouping strategy, 3-fold cross-validations were performed by 

alternately using records of 2 groups as training sets to derive genomic predictions 

for the third (validation) group, whose data was omitted in the analyses for marker 

effect estimation. Prediction accuracies, within a cluster c, were estimated as the 
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correlation between predicted (â) and estimated true (a) breeding values (�̂�𝐚â𝑐), as 

proposed by Legarra et al. (2008): 

�̂�𝐚â𝑐 =  PA  ℎ⁄  , 

in which PA is the predictive ability defined as the correlation between IB of animals 

from group c adjusted for the fixed effects and predicted values from cross-validation, 

represented by direct genomic value (DGV). Moreover, h2 is the heritability for IB. 

 The genome-wide association (GWAS) for IB was performed using the method 

proposed by Wang et al. (2012), which is based on the ssGBLUP. The effects of the 

SNPs (ȗ) were obtained using the equation described as: 

û = λDZ’G*-1âg 

where ȗ is the vector of estimated SNP effects; λ is the variance ratio calculated 

according to VanRaden et al. (2009); ȃg is the animal effect of genotyped animals; Z 

is a matrix that relates the genotypes of each locus; G is the genomic relationship 

matrix; D is a diagonal matrix of the weights of SNP variances obtained by the 

algorithm with the following steps, where t is an iteration number and i is the i-th SNP: 

1. t = 0; D(t) = I; G(t) = ZD(t)Z’λ 

2. Compute âg by ssGBLUP; 

3. Calculate û(t) = λD(t)Z’G(t)
-1âg; 

4. Calculate 𝑑𝑖(𝑡+1)

∗ = û𝑖(𝑡)

2
2pi(1 – pi) for all SNPs (Zhang et al., 2010); 

5. Normalize D(t+1) = (tr(D(0))/tr(D*(t+1)))D*(t+1);  

6. Calculate G(t+1) = ZD(t+1)Z’λ; 

7. Loop to step 3 for 3 times. 

The analyses were carried out using the BLUPF90 family of programs (Misztal 

et al., 2002). The results of GWAS are reported as the proportion of variance 

explained by one SNP. The candidate genes were identified though the Ensembl 

genome database project, available at https://useast.ensembl.org/index.html. 

  

3. RESULTS AND DISCUSSION 

  

3.1. Genetic parameters 

 Estimates of heritability and repeatability for TC were low (0.127) and 

moderate (0.267), respectively (Table 2). The proportion of phenotypic variance 
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explained by genetic variance of TC evaluated in the population of Hereford and 

Braford cattle was lower than other studies in Brazil with the same breeds, that 

reported heritability of 0.19 (Cardoso et al., 2015; Biegelmeyer et al., 2017). Despite 

the low posterior mean for IB heritability (0.077), there is additive genetic variability 

for this trait and, therefore, selection responses may be obtained. Moreover, the 

genetic correlation between IB and TC was weak (0.152). This suggest that selection 

for TC might not change considerably IB in the population of this study. Although no 

quantitative genetic studies were found for levels of babesiosis infection in cattle, 

some have showed no phenotypic correlation between tick counts and B. bovis levels 

(Giglioti, et al., 2016; Giglioti et al, 2018).  

 

Table 2. Posterior mean (PMean), and 95% highest posterior density intervals (within 
parentheses) of (co)variance components for Babesia bovis infection level (IB), and 
tick counts (TC), and genetic correlation between IB and TC in Braford and Hereford 
cattle performed by Bayesian animal model in a bivariate analysis. 

Parameter IB TC 

additive genetic variance, σ²a 0.088 (0.040, 0.141) 0.012 (0.009, 0.016) 
permanent environmental variance, σ²p - 0.014 (0.010, 0.071) 
residual variance, σ²e 1.048 (0.168, 0.890) 0.072 (0.070, 0.074) 

heritability, h² 0.077 (0.037, 0.124) 0.127 (0.093, 0.160) 
repeatability, r² - 0.267 (0.245, 0.289) 
genetic correlation, rIB,TC 0.152 (-0.147, 0.445)  

 

3.2. Genomic Selection  

 The k-means clustering yielded three unbalanced group with 830, 770, and 

255 animals in groups 1, 2, and 3, respectively (Table 3). Multidimensional scaling 

bidimensional scatter plot according to the k-means groups is presented in Figure 1. 

The groups 1 and 2 were composed mainly by Braford breed with an average of 

about 35% zebu contribution; while the group 3 contained primarily Hereford breed 

(11% of zebu contribution). As expected, average genomic relationship was larger 

within than between groups. For clustering at random the groups 1, 2, and 3 were 

composed by 619, 618, and 618 animals, respectively (Table 4). In addition, 

randomly groups had similar average genomic relationship within groups (0.011 ± 

0.045) and between groups the average was close to zero.   
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Table 3. Number of individuals (N) and averages (±SD) of genomic relationship (Gij) 
within and between-group of Hereford breed and Braford composition breed for k-
means clustering groups. 

Groups; N Hereford 
Braford 

Gij within group Gij between group 
1/2¹ 3/8¹ 1/4¹ 

1; 830 30 18 734 48 0.009 ± 0.035 0.000 ± 0.030 
2; 770 30 18 696 26 0.054 ± 0.042 -0.008 ± 0.049 
3; 255 164 1 60 30 0.070 ± 0.054 -0.003 ± 0.056 
1 zebu proportion  

 
 

 
Figure 1. Multidimensional scaling bidimensional scatter plot of k-means clustering 
cross-validation groups. 
 
 
 
 
 



47 

 

 

 

Table 4. Number of individuals (N) of Hereford breed and Braford composition breed 
for groups divided at random replicated 10 times. 

Rep Groups; N Hereford 
Braford¹ 

1/2 3/8 1/4 

1 

1; 619 73 12 500 34 

2; 618 77 9 495 37 

3; 618 74 16 495 33 

2 

1; 619 75 9 501 34 

2; 618 75 7 498 38 

3; 618 74 21 491 32 

3 

1; 619 68 10 503 38 

2; 618 83 11 492 32 

3; 618 73 16 495 34 

4 

1; 619 71 18 494 36 

2; 618 70 4 508 36 

3; 618 83 15 488 32 

5 

1; 618 76 14 489 40 

2; 618 79 11 497 31 

3; 618 69 12 504 33 

6 

1; 619 69 11 512 27 

2; 618 87 11 484 36 

3; 618 68 15 494 41 

7 

1; 619 64 10 508 37 

2; 618 75 13 493 37 

3; 618 85 14 489 30 

8 

1; 619 74 14 494 37 

2; 618 69 13 503 33 

3; 618 81 10 493 34 

9 

1; 619 69 12 500 38 

2; 618 67 15 497 39 

3; 618 88 10 493 27 

10 

1; 619 76 15 497 31 

2; 618 70 10 503 35 

3; 618 78 12 490 38 
1 zebu proportion  

 

The predictions accuracy for groups divided at random were higher than k-

means clustering for groups 1 and 2 (Table 5). These groups generated by k-mean 

method had a larger number of composition breed animals, mainly in the group 1. For 

group 3, the predictions accuracy for k-means clustering and random methods were 

almost the same (0.3). Even though there are no other published genomic prediction 

for B.bovis in cattle to compare with, the superiority of predictions accuracy using 

random clustering compare to k-means was observed by Cardoso et al. (2015) in 
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Braford and Hereford cattle for tick resistance. It seems that the number of animals 

used for training the model is more important to achive better prediction accuracy 

than the difference between the composition of breeds of the G3 animals and the 

other two groups. It is well known that large number of animals in training population 

is a factor important that improve the accuracy of genomic selection (Van 

Eenennaam et al., 2104). The low accuracy for G1 under k-mean clustering could be 

explained by the lower number of animals in training population and by the higher 

genetic relationship distance of groups 2 and 3. These values of accuracy 

demonstrate that genomic predictions could be used as a toll to improve genetic IB. 

Moreover, the Braford cattle could be used as a training set to make predictions for 

Hereford candidates. 

 

Table 5. Prediction accuracy of direct genomic value predictions for each k-means 
clustering and random cross-validation group using ssGBLUP method. 

 
Prediction accuracy 

Group 1 Group 2 Group 3 

Kmeans 0.180 0.225 0.346 

Random 0.293 0.317 0.316 

  

3.3. GWAS  

 Figure 2 show the Manhattan plot with the percentages of additive genetic 

variance explained by each SNP for IB trait. The top 10 ranking SNPs are in Table 6 

and show the chromosome, location, identification of genes and proportion of genetic 

variance for IB. The top 10 SNPs explained 5.05% of IB additive genetic variance 

and identified 40 genes involved in biological mechanisms that may underlie the B. 

bovis resistance in cattle (Table 7). Several genes participate in the immune system 

pathways (ATP8A1, LCP1, LRCH1, QSOX1, FGF2, DSC1, DSC3, FGFR2, and 

CEBPG), which include adaptive and innate immune system and cytokine signaling 

pathways.  
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Figure 2. Manhattan plot of additive genetic variance explained by one SNP for 
Babesia bovis infection level. 
 

Table 6. Chromosome (Chr), position, identification of candidate genes and 
proportion of variance (VAR) explained by one SNP with largest effects on Babesia 
bovis infection level. 

chr Position  Genes¹ Var (%) 

24 26,698,515 DSC1, DSC2, DSC3  0.853 

16 62,734,784 
CEP350, QSOX1, LHX4, ACBD6, 
TOR1AIP1, TOR1AIP2, FAM163A 

0.640 

1 32,883,377 CADM2 0.548 

12 16,641,931 
LRCH1, ESD, HTR2A, RUBCNL, 
LRRC63, LCP1 

0.508 

18 44,019,061 
PEPD, CEBPG, KCTD15, SLC7A10, 
LRP3, WDR88, GPATCH1 

0.487 

26 42,178,883 
ATE1, NSMCE4A, TACC2, BTBD16, 
FGFR2 

0.479 

6 62,979,121 
ATP8A1, SHISA3, BEND4, SLC30A9, 
TMEM33, GRXCR1 

0.408 

2 109,327,881 Intergenic region 0.377 

17 34,752,485 SPRY1, SPATA5, NUDT6, FGF2 0.377 

5 53,704,130 SLC16A7 0.367 
¹The genomic coordinates for each gene based on the Bos Taurus UMD3.1 reference assembly were 

expanded by 500bp upstream and downstream. 
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Table 7. Genes harbor or near the top 10 SNPs and their biological process and 
pathways. 
Gene BTA Position (pb) Biological processes and pathways 

CADM2 1 32,394,374-33,675,801 Adherens junctions interactions (R-BTA-
418990) 

SLC16A7 5 53,987,895-54,214,818 Transmembrane transport of small molecules 
(R-BTA-382551) 

ATP8A1 6 62,893,072-63,128,208 Immune system (R-BTA-168256) 
Innate Immune system (R-BTA-168249) 
Neutrophil degranulation (R-BTA-6798695) 

SHISA3 6 62,877,287-62,881,871 - 

BEND4 6 62,632,294-62,661,208 - 

SLC30A9 6 62,509,229-62,597,724 Transmembrane transport (GO:0055085) 
Regulation of transcription (GO:0045944) 
Cellular zinc ion homeostasis (GO:0006882) 

TMEM33 6 62,464,240-62,484,090 Response to endoplasmic reticulum stress 
(GO:0034976) 

GRXCR1 6 63,347,057-63,416,348 Cell redox homeostasis (GO:0045454) 
Oxidation-reduction process (GO:0055114) 
Regulation of phosphatase activity 
(GO:0010923) 

LCP1 12 16,253,903-16,360,471 T cell activation involved in immune response 
(GO:0002286) 
Immune system (R-BTA-168256) 

LRCH1 12 16,539,630-16,750,649 Negative regulation of T cell migration 
(GO:2000405) 
Cellular response to chemokine (GO:1990869) 

ESD 12 16,771,118-16,792,009 Metabolism (R-BTA-1430728) 
Carbon metabolism (bta01200) 
Formaldehyde catabolic process (GO:0046294) 

HTR2A 12 16,823,524-16,889,281 Calcium signaling pathway (bta04020) 
Inflammatory mediator regulation of TRP 
channels (bta04750) 
Cellular calcium ion homeostasis 
(GO:0006874) 
Response to drug (GO:0042493) 
Regulation of glycolytic process (GO:0045821) 
Release of sequestered calcium ion into 
cytosol (GO:0051209) 
Regulation of ERK1 and ERK2 cascade 
(GO:0070374) 

RUBCNL 12 16,418,085-16,458,760 - 

LRRC63 12 16,360,540-16,395,010 - 

CEP350 16 62,613,012-62,776,235 Microtubule anchoring (GO:0034453) 

QSOX1 16 62,804,428-62,845,819 Immune system (R-BTA-168256) 
Innate Immune system (R-BTA-168249) 
Hemostasis (R-BTA-109582) 
Neutrophil degranulation (R-BTA-6798695) 
Response to elevated platelet cytosolic Ca2+ 
(R-BTA-76005) 

LHX4 16 62,868,732-62,915,247 Regulation of transcription (GO:0006355) 
Regulation of apoptotic process (GO:0043066)
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ACBD6 16 62,930,460-63,128,109 Metabolism of lipids and lipoproteins (R-BTA-
556833) 

TOR1AIP1 16 62,533,723-62,545,570 Positive regulation of ATPase activity 
(GO:0032781) 

TOR1AIP2 16 62,489,853-62,534,327 Regulation of ATPase activity (GO:0032781) 

FAM163A 16 62,374,247-62,473,367 - 

SPATA5 17 34,817,733-35,145,951 Ribosome biogenesis in eukaryotes (bta03008) 

SPRY1 17 34,748,292-34,755,900 Regulation of cell proliferation (GO:0008285) 
Regulation of fibroblast growth factor receptor 
signaling pathway (GO:0040037) 
Regulation of MAPK activity (GO:0043407) 

NUDT6 17 35,146,221-35,205,446 Regulation of cell proliferation (GO:0008285) 
Regulation of cell cycle (GO:0045786) 

FGF2 17 35,199,615-35,259,135 Immune system (R-BTA-168256) 
Innate Immune System (R-BTA-168249) 
Adaptive Immune System (R-BTA-1280218) 
Fibroblast growth factor receptor signaling 
pathway (GO:0008543) 
Cell differentiation (GO:0030154) 
Regulation of cell proliferation (GO:0008284) 
Activation of MAPK activity (GO:0000186) 
Regulation of gene expression (GO:0010628) 
Regulation of cell cycle (GO:0051726) 
Regulation of canonical Wnt signaling pathway 
(GO:0090263) 
Interleukin-2 signaling (R-BTA-451927) 
Interleukin-3, 5 and GM-CSF signaling (R-BTA-
512988) 
Signaling by Interleukins (R-BTA-449147) 
Signaling by the B Cell Receptor (BCR) (R-
BTA-983705) 

GPATCH1 18 43,658,673-43,714,394 mRNA processing (GO:0006397) 

PEPD 18 44,018,745-44,137,215 Proteolysis (GO:0006508) 

CEBPG 18 44,005,707-44,015,299 Immune response (GO:0006955) 
B cell differentiation (GO:0030183) 
Natural killer cell mediated cytotoxicity 
(GO:0042267)   
Regulation of transcription (GO:0006355) 

KCTD15 18 44,405,524-44,422,094 Multicellular organism development 
(GO:0007275) 
RNA Polymerase II Transcription (R-BTA-
73857) 

SLC7A10 18 43,847,460-43,863,005 Transmembrane transport (GO:0055085) 
Hemostasis (R-BTA-109582) 

LRP3 18 43,834,239-43,846,341 - 

WDR88 18 43,715,075-43,763,880 - 

DSC1 24 26,283,415-26,321,591 Immune system (R-BTA-168256) 
Innate Immune system (R-BTA-168249) 
Cell adhesion (GO:0007155) 
Keratinization (R-BTA-6805567) 
Neutrophil degranulation (R-BTA-6798695) 
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DSC2 24 26,339,761-26,379,267 Keratinization (R-BTA-6805567) 
Cell adhesion (GO:0007155) 

DSC3 24 26,396,910-26,451,710 Immune system (R-BTA-168256) 
Innate Immune system (R-BTA-168249) 
Cell adhesion (GO:0007155) 
Keratinization (R-BTA-6805567) 

FGFR2 26 41,823,603-41,930,979 Immune system (R-BTA-168256) 
Innate Immune System (R-BTA-168249) 
Adaptive Immune System (R-BTA-1280218) 
Fibroblast growth factor receptor signaling 
pathway (GO:0008543) 
Regulation of cell proliferation (GO:0008284) 
Regulation of MAPK cascade (GO:0043410) 
Interleukin-2 signaling (R-BTA-451927) 
Interleukin-3, 5 and GM-CSF signaling (R-BTA-
512988) 
Signaling by the B Cell Receptor (BCR) (R-
BTA-983705) 
Cytokine Signaling in Immune system (R-BTA-
1280215) 
Interleukin receptor SHC signaling (R-BTA-
912526) 
Signaling by Interleukins (R-BTA-449147) 

ATE1 26 42,037,953-42,199,600 Proteasomal protein catabolic process 
(GO:0010498) 

NSMCE4A 26 42,214,937-42,228,682 Metabolism of proteins (R-BTA-392499) 
DNA repair (GO:0006281) 

   Post-translational protein modification (R-BTA-
597592) 

TACC2 26 42,250,847-42,485,654 Cell proliferation (GO:0008283) 

BTBD16 26 42,493,462-42,546,248 - 

 
 The genes LCP1 and LRCH1 encode proteins that influence in the activation 

and migrations of T cells. T cells play a regulatory role in the immune response and 

result in higher resistance to R. microplus in cattle (Domingues et al., 2014; Piper et 

al., 2009). Piper et al. (2009) reported that Brahman animals (Bos indicus) had higher 

percentages of T cells than did the Holstein-Friesian (Bos taurus). Another type of 

cell that influence in the immune system is the B cell, which play a role in the humoral 

immunity component of the adaptive immune system by secreting antibodies (Sasaki 

et al., 2000). B cells are influenced by the proteins encoded by FGF2, FGFR2, and 

CEBPG genes.  

 The FGF2 and FGFR2 genes are involved in interleukins, fibroblast growth 

factor receptor, cytokine, and MAPK signaling pathways. SPRY1 gene also 

participates in fibroblast growth factor receptor and MAPK signaling pathways. 
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Inflammatory interleukins, growth factors, and cytokines activate the MAPK signaling 

pathway, which regulate the immune response against intracellular parasites 

(Soares-Silva et al., 2016; Chen et al., 2017). Moreover, cytokine stimulates natural 

killer cells to produce interferon-gamma (IFN-γ) during the chronic phase of B. bovis 

infection. The IFN-γ activates macrophages that synthesize and release nitric oxide, 

which inhibits B. bovis replication (Shoda et al., 2000; Goff et al., 2002; Goff et al., 

2003; Goff et al., 2006). CEBPG gene also influence the natural killer cell process. 

 DSC1, DSC2, and DSC3 are involved in keratinization pathway and they have 

been reported in tick-resistance studies. Terminal differentiation of keratinocytes is 

important for the renewal of the stratum corneum, which plays an essential role in 

defense against pathogen (Bagnall et al., 2009). According to the authors, tick bite 

lesions led to an increase of keratinocyte differentiation and the promotion of stratum 

corneum formation. Wang et al. (2007) suggested that a dramatic reduction in keratin 

transcripts may occur in response to tick infestation. In addition, DSC1, DSC2, DSC3, 

and CADM2 genes participate in cell adhesion process, which plays a critical role in 

initiating and sustaining immune response against foreign pathogens (Vestweber et 

al., 2007). Piper et al. (2010) reported that DSC2 was detected as differentially 

expressed between tick-infested Holstein–Friesian and Brahman animals at the tick-

attachment site. 

 Genes involved in hemostasis pathway, such as SLC7A10 and QSOX1, were 

also found to harbor the regions identified as influencing IB. Sustained heavy R. 

microplus infestation has been shown to alter host hemostatic mechanisms by 

inhibiting platelet aggregation and coagulation functions (Reck et al., 2009). Several 

putative genes (SPRY1, NUDT6, FGF2, FGFR2, and TACC2) influencing IB 

participate in cell proliferation process. In response to the heavy tick burden, many 

different types of cell proliferate in order to presenting exogenously derived antigen to 

the immune system (Piper et al., 2009). The authors identified genes differentially 

expressed between tick-infested Holstein–Friesian and Brahman animals that are 

involved in cell proliferation process. 

 The gene HTR2A is involved in inflammatory mediator regulation of TRP 

(transient receptor potential) channels and calcium signaling pathways. Modifications 

in intracellular calcium concentrations represent a fundamental mechanism in the 
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control of inflammatory and immune cell functions (Parenti et al., 2016). Intracellular 

calcium influx is a key process for lymphocyte activation and proliferation and 

cytokine synthesis (Oh-hora and Rao, 2008; Feske et al., 2012). As TRP channels 

favor intracellular calcium permeability, it is conceivable that, in association with other 

prominent molecular pathways, TRP channels could contribute to immune and 

inflammatory responses (Parenti et al., 2016). Bagnall et al. (2009) showed that 

genes involved in the intracellular calcium regulation pathway are up-regulated in 

response to cattle tick infestation in bovine skin. In addition, HTR2A gene participate 

in ERK1 and ERK2 cascade process, that has control over inflammatory mediator 

synthesis and survival of innate immune cells (Liu et al., 2010). 

 

4. CONCLUSIONS 

 

For large training population, genomic predictions could be used as a tool to 

improve genetics for Babesia bovis infection level in Hereford and Braford cattle. 

Moreover, some genomic regions associated with candidate genes related to 

immunity system were identified and could contribute to improve the genetic 

knowledge regarding the infection of B. bovis in cattle. Although the genetic 

correlation between B. bovis infection level and tick count was week, it seems that 

some candidate genes are involved in resistance biological process in both traits. 
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CHAPTER 4 - Inferring phenotypic causal networks for tick infestation, Babesia 

bovis infection, and weight gain in Hereford and Braford cattle 

using structural equation models 

 

 ABSTRACT - Tick infestation and associated diseases (i.e. babesiosis) 
constitute major drawbacks for improvement of beef cattle productivity in the tropics, 
especially when purebred and crossbred taurine animals are used. Host-parasite-
pathogen interactions form complex biological systems which are poorly understood 
and which significantly affect production and quality traits in ways yet to be dissected 
and described. This research was carried out to search for causal structures 
investigate potential causal relationships among tick counts (TC), Babesia bovis 
infection level (IB), weight gain from birth to weaning (WG), and weight gain from 
weaning to yearling (YG) using structural equation modeling (SEM). Analyzed data 
was derived from 1,283 Hereford and Braford cattle. Tick counts were performed by 
manually counting adult female ticks on one side of each animal. The B. bovis 
quantification was performed using a qPCR assay to obtain the number of copies of 
mt-cyB from genomic DNA of each animal, with the absolute quantification method. 
Statistical analyses were conducted in three steps: 1) Partition of genetic and 
residual (co)variances using Bayesian multiple-trait modeling (MTM); 2) Search for 
plausible causal structures using the inductive causation (IC) algorithm applied to the 
residual (co)variances obtained from the MTM analysis; and 3) Final analysis using 
SEM, which was based on the causal network inferred by applying the IC algorithm. 
The most plausible SEM comprised three direct links between traits: WG→YG, 
TC→WG, and WG→IB with structural coefficients posterior means equal to -0.3026, 
6.3620, and 0.0004, respectively. The final inferred directed acyclic graph (DAG) 
suggests that interventions on TC would directly affect WG, which would then 
affected YG; moreover, WG could present also a small positive effect on IB. 
 

Keywords: babesiosis, causality, genetic parameter, inductive causation, tick 

resistance 
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1. INTRODUCTION 

  

 Bovine babesiosis is a tick-borne disease caused by intra-erythrocytic 

protozoa of the Babesia genus. The infection reduces the productivity of cattle herds 

and cause substantial economic losses in Latin America (Nari, 1995). In Brazil, 

bovine babesiosis is caused by Babesia bovis and B. bigemina, which are exclusively 

transmitted by one-host-tick Rhipicephalus microplus (Guglielmone et al., 1995; 

Oliveira-Sequeira et al., 2005). B. bovis is the most pathogenic species (Bock et al., 

2004). 

 Infection by R. microplus and B. bovis constitute major drawbacks for 

improvement of beef cattle productivity in the tropics, especially for systems in which 

purebred and crossbred taurine animals are used. Host-parasite-pathogen 

interactions form complex biological systems that significantly affect production and 

quality traits in manners yet to be dissected and described. 

 The elucidation of potential causal relationships among different traits can aid 

the development of more efficient multiple-trait breeding and production systems 

(Rosa et al., 2011). Differences in infection levels of babesiosis have been observed 

between zebuine (Bos taurus indicus) and taurine (Bos taurus taurus) breeds (Bock 

et al.,1997; Jonsson et al., 2008; Bilhassi et al., 2014), and Zebu cattle´s greater 

resistance to R. microplus infestation is well known (Frisch, 1999). However, little is 

known regarding the relationships between resistance to tick infestation and 

babesiosis and economically important traits traditionally evaluated in cattle breeding 

programs, such as growth and weight gain efficiency.  

 Structural Equation Models (SEMs) can be used to study recursive and 

simultaneous relationships among phenotypes in multiple trait models (MTM) for 

quantitative traits (Gianola and Sorensen, 2004; Rosa and Valente, 2014), allowing 

the prediction of the behavior of complex biological systems. The inductive causation 

(IC) algorithm can be used to investigate how variables are causally related to each 

other (Verma and Pearl, 1990; Pearl, 2000), and the structure inferred can then be 

applied to describe a SEM (Wright, 1921; Haavelmo, 1943). 

 The objective of this research was to investigate potential causal relationships 

among tick infestation, B. bovis infection level, weight gain from birth to weaning, and 



62 

 

 

 

weight gain from weaning to yearling in a population of Hereford and Braford cattle 

using a structural equation model approach. 

 

2. MATERIALS AND METHODS  

 

2.1. Phenotype data  

 The data was obtained from 1,283 Hereford and Braford cattle (breed 

composition between ½ Hereford + ½ Zebu and ¾ Hereford + ¼ Zebu) grazed in 

pastures in southern Brazil from the Delta G Connection breeding program (Gensys 

Associated Consultants, Porto Alegre, RS, Brazil). Phenotypic records on tick count, 

Babesia bovis infection level and weight gain were collected in addition to pedigree 

information and genotype data.   

 Tick count. Tick counts (TC) were performed by manually counting adult 

female ticks (at least 4.5 mm in length) on one side of each animal. During the post 

weaning period, animals were kept under the same feeding and sanitary 

management, and were observed daily in their paddocks. Tick counts were recorded 

in each animal when the average individual infestation exceeded 20 engorged tick 

females (Utech et al., 1978). The TC data was collected between years 2010 and 

2013, and the average cattle age during the evaluation period was 17.5 months.  

 Babesia bovis infection level (IB). Genomic DNA was extracted from blood 

samples collected on FTA cards using the Gensolve DNA recovery kit (Gentegra, 

Pleasanton, CA, USA) according to manufacturer protocols. DNA concentration and 

quality was determined with a NanoDrop spectrophotometer (NanoDrop 

Technologies Inc., Wilmington, Delaware, USA). The CFXTM Real-Time PCR 

Detection System (BioRad, Hercules, CA, USA),  was used to perform qPCR, using  

primers cbosg 1 (forward) 5’ -TGTTCCTGGAAGCGTTGATTC-3’ and cbosg 2 

(reverse) 5'-AGCGTGAAAATAACGCATTGC-3' (Buling et al., 2007), which amplify 

an 88 bp fragment from the cytochrome b gene of B. bovis (Salem et al., 1999; Buling 

et al., 2007), according to Giglioti et al., (2018). Standard curves were plotted using 

ten-fold dilutions of synthetic DNA gBlocks® Gene Fragments (IDT, Coralville, IA, 

USA). All samples and controls were tested in duplicate. The threshold was set at 

200 RFU (relative fluorescence unit). Samples with standard deviation > 0.5 
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(duplicate) were retested and samples presenting Log10 DNA copies > 0 and specific 

temperature melting (Tm) (77.5 ± 0.5) were considered as positive.   

 Weight gain. Weight gain from birth to weaning (WG) was calculated by 

subtracting birth weight from adjusted weaning weight. Weight gain from weaning to 

yearling (YG) was calculated by subtracting adjusted weaning weight from adjusted 

yearling weight. 

 For the analyses, the TC and IB records were transformed as log10(x + 1). 

Descriptive statistics for TC, IB, WG, and YG are shown in Table 1. 

 

Table 1. Descriptive statistics for tick counts (TC), Babesia bovis infection level (IB), 
weight gain from birth to weaning (WG, kg), and weight gain from weaning to yearling 
(YG, kg) in Braford and Hereford cattle.  

Traits N Mean1 SD1 Minimum Maximum 

TC 1,283 22.9 (1.3) 19.26 (0.32) 0 212.0 (2.3) 

IB 1,283 561.8 (1.6) 3,735.67 (1.13) 0 100,138.4 (5.0) 

WG 1,283 147.6  31.06 42.2 261.1 

YG 1,283 104.2 54.38 1.9 410.4 

1 log scale data is shown in parentheses. 

 

2.2. Pedigree and Genotype data 

 Pedigree information recovered from historical breeding records contained 

12,390 animals (3 generations). From these, 4,496 animals were genotyped with the 

Illumina BovineSNP50 BeadChip (50K; Illumina, San Diego, CA). Genotype quality 

control was performed using R/snpStats package (Clayton, 2014) to remove samples 

with call rate < 0.90, heterozygosity 3.0 SD above or below the observed mean, 

mismatching sex, and duplicated records. Only SNP mapped to autosomes, with call 

rates > 0.98, minor allele frequencies (MAF) > 0.03, and with no deviation from 

Hardy-Weinberg equilibrium (P > 10–7) were considered. In addition, only SNP 

markers with the higher MAF was retained when two adjacent SNP had high level of 

linkage disequilibrium (r > 0.98). After quality control, 39,919 SNP markers and 4,388 

samples remained for further statistical analysis. 
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 2.3. Statistical models 

 Statistical analysis was performed in three steps, as proposed by Valente et 

al. (2010): 1) a Multiple Trait Model (MTM) was fitted; 2) the Inductive Causation 

algorithm was applied on the residual covariance matrix; and finally 3) the Structural 

Equation Model was fitted.  

 The Multiple Trait Model analysis. A standard Bayesian MTM was used for 

estimating genetic and residual (co)variance components. The following MTM was 

fitted: 

𝐲 = 𝐗𝛃 + 𝐙𝟏𝐚 + 𝐙𝟐𝐦 + 𝐞, 

where y is a vector of observations; β is a vector of systematic (fixed) effects; a is a 

vector of random additive genetic direct effects; m is the vector of random additive 

genetic maternal effects; e is a vector of random residuals; X, Z1, and Z2 are known 

incidence matrices. The joint distribution of vectors a, m, and e was assumed as: 

[
𝐚
𝐦
𝐞

] ~ N {[
0
0
0

] , [

𝐆𝟎𝐚 𝐇 0 0
0 𝐆𝟎𝐦 𝐇 0
0 0 𝐑𝟎 𝐈

]},  

where, G0a and G0m are the additive genetic direct and maternal (co)variance 

matrices, respectively; H is the additive genetic relationship matrix; R0 is the residual 

(co)variance matrix; and I is an identity matrix with suitable dimensions. The additive 

genetic maternal effects were only included in the model for WG. Therefore, m, Z2, 

and G0m were not considered for the other traits. 

 With respect to systematic effects, contemporary groups (CG) were included 

for all traits, as well as the effect of breed composition (Zebu proportion and 

heterozygosity). The linear and quadratic effects of animal age were considered for 

TC, WG, and YG. The dam age effect was included in the analyses of WG, and YG.  

In addition, the effect of dam breed composition was considered for WG. The linear 

effect of total DNA concentration available for pPCR assays was considered for IB. 

Contemporary groups were composed by animals from the same farm, sex, year and 

season of birth, and management group. Contemporary groups with less than three 

observations were excluded from the data set. 

 In this study, the traditional numerator relationship matrix (A) was replaced by 

an H matrix, which combines genotype and pedigree information (Aguilar et al., 2010; 

Legarra et al., 2009) and its inverse (H-1) can be described as: 
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H-1 = A-1 + [
0 0
0 𝐆−1 − 𝐀𝟐𝟐

−1], 

where G is a genomic relationship matrix constructed as in VanRaden (2008) using 

current allele frequencies, and A22 is a numerator relationship matrix only for 

genotyped animals. 

 The program GIBBS2F90 (Misztal et al., 2002) was used to obtain samples 

from the marginal posterior distributions of genetic and residual (co)variances. A 

Gibbs sampling chain with 200,000 samples was generated, with the initial 20,000 

samples discarded as burn-in based on visual inspection of trace plots and the 

convergence tests of Brooks, Gelman, and Rubin (Gelman and Rubin, 2006) and 

Geweke (1992) as well as of Heidelberg and Welch (1983) using the package coda 

(Plummer et al., 2006) of the R software (R Development Core Team, 2009). 

Posterior distributions of the variance and covariance components were 

approximated based on the remaining 180,000 samples. 

 The Inductive Causation (IC) algorithm. The IC algorithm was applied using 

the posterior samples of the residual (co)variances obtained from the Bayesian MTM 

analysis. Such residual (co)variances from the MTM were considered as an 

information mirroring functional relationships between phenotypic traits conditional on 

genetic effects, thus they correct the confounding issues caused by genetic 

correlations among traits (Valente et al., 2010). The IC algorithm performs a series of 

statistical decisions based on partial correlations between traits and consists of the 

following 3 steps (Pearl, 2000): 

 Step 1: Partial correlations were used to search for edges that connect 

adjacent variables. If at least one partial correlations between two traits conditional 

on every possible set of the remaining traits is different from 0, the two traits are 

connected with an undirected link (e.g., y1 − y2). 

 Step 2: Based on the undirected graph provided by Step 1, partial correlations 

were also used to search for unshielded colliders (i.e., y1 → y2 ← y3) to orient some 

edges. If two non-adjacent traits that share a common adjacent trait (e.g., y1 and y3 in 

y1 − y2 − y3) are conditionally dependent on all possible subsets of the remaining 

variables that contain the adjacent trait (y2 in the given example), arrowheads 

pointing to the common adjacent trait are added (i.e., y1 → y2 ← y3). 
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 Step 3: With the partially oriented graph obtained in Step 2, as many 

undirected links as possible are oriented without creating a new unshielded collider or 

cycle. 

 Statistical decisions regarding whether to declare partial correlations as null or 

not were based on highest posterior density (HPD) intervals. A partial correlation was 

declared non-null whenever the HPD interval did not include zero. Outputs may differ 

according to the probability content used for the decisions. We applied different HPD 

intervals (70, 75, 80, 85, 90, and 95%) to evaluate the network structure sensitivity. 

The analysis was performed using the program by Valente and Rosa (2013) written 

in R (R Development Core Team, 2009). 

 The Structural Equation Model analysis. The SEM was fitted to the causal 

network inferred by the IC algorithm application. The structural equation model can 

be described as 

𝐲 = (𝚲 ⨂ 𝐈)𝐲 + 𝐗𝛃∗ + 𝐙𝟏𝐚∗ + 𝐙𝟐𝐦∗ + 𝐞∗, 

with the joint distribution of vectors a*, m* and e* as  

[
𝐚∗

𝐦∗

𝐞∗
] ~ N {[

0
0
0

] , [

𝐆𝟎𝐚
∗  𝐇 0 0

0 𝐆𝟎𝐦
∗  𝐇 0

0 0 ѱ𝟎 𝐈
]} , 

where y, β*, a*, m*, e*, X, Z1, Z2, H, and I have meanings similar to those described 

earlier for the MTM, but these vectors represent systematic and random effects 

directly affecting each trait (Gianola and Sorensen, 2004; Rosa et al., 2011; Valente 

et al., 2013). Moreover, Λ is a t × t matrix (where t is the number of traits) with 0 on 

the diagonal and with structural coefficients (linear effects between pairs of traits) or 0 

on the off-diagonals; 𝐆𝟎𝐚
∗  and 𝐆𝟎𝐦

∗  are the SEM additive direct genetic and maternal 

(co)variance matrices, respectively; and Ψ0 is a diagonal matrix with the SEM 

residual variances. Similarly as with MTM, the additive genetic maternal effects were 

included only for the WG trait. Therefore, m*, Z2, and  𝐆0m
∗  were not considered for 

the others traits. The residual (co)variances between traits in the SEM were assumed 

to be 0, which confers identifiability to the structural coefficients in the likelihood 

function (Valente et al., 2010). 

 The posterior distributions of SEM parameters were obtained with the same 

program used for the standard MTM. Initial values for model parameters were set 

based on results from the MTM analysis. A Gibbs sampling chain with 500,000 



67 

 

 

 

samples was generated, with the initial 100,000 samples discarded as burn-in. The 

convergence of the Markov chains was checked based on the same tests used in the 

MTM analysis. The marginal posterior distributions of the SEM unknowns were 

characterized based on the remaining 400,000 samples. 

 Putative causal structures were further compared using the deviance 

information criterion (DIC; Spiegelhalter et al., 2002), Bayesian information criterion 

(BIC; Schwarz, 1978), and Akaike information criterion (AIC; Akaike, 1974) to check 

the quality of fit of the SEM conditional on the selected causal structures. Models with 

smaller DIC, BIC, and AIC are better supported by the data. 

  

3. RESULTS AND DISCUSSION 

 

3.1. The Multiple Trait Model analysis 

 Posterior means for heritability and genetic and residual correlations estimated 

by MTM are show in Table 2. Heritability estimates were moderate for TC (0.25 ± 

0.053) and WG (0.25 ± 0.052), and low for IB (0.10 ± 0.042) and YG (0.14 ± 0.038). 

Moreover, the maternal heritability for WG was 0.06 ±0.052 (95% HPD: 0.01-0.13). 

Biegelmeyer et al. (2017) reported heritability estimates of 0.19, 0.35, and 0.14 for 

TC, WG, and YG, respectively, in Hereford and Braford animals raised in Brazil. 

Observed differences in TC and WG heritability estimates between Biegelmeyer et al. 

(2017) and the present study could be due to differences in the models fitted, number 

of records and population structure. No reports were observed in the literature 

regarding estimates of genetic parameters for level of B. bovis infection. Despite the 

relatively low value of IB heritability estimate, a non-negligible proportion of IB 

phenotypic variance is shown to be explained by additive genetic components, and 

therefore selection responses may be still obtained with an appropriate breeding 

scheme. 

 In general, estimated genetic correlations were low, mainly between TC and 

WG (-0.04), TC and YG (-0.01), IB and WG (-0.01), and IB and YG (-0.06). These 

results suggest that selection for growth traits would not significantly change 

resistance to tick and B. bovis infection in this cattle population. Despite the low 

genetic correlation observed between TC and IB (0.20), the response to selection for 
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tick resistance may lead to selection of animals with B. bovis infection resistance. 

Furthermore, the selection of animals with higher WG may promote a slow indirect 

change towards lower YG; this negative genetic correlation (-0.20) was not expected 

because, in general, weights and weight gains at different ages have positive genetic 

correlations (Araujo Neto et al., 2011). Nonetheless, estimated genetic correlations 

should be interpreted with caution as they presented relatively large posterior 

standard deviations. 

 

Table 2. Posterior means for heritability (diagonal), genetic correlations (above 
diagonal), residual correlations (below diagonal), SD, and 95% highest posterior 
density intervals (within brackets) for tick counts (TC), Babesia bovis infection level 
(IB), weight gain from birth to weaning (WG), and weight gain from weaning to 
yearling (YG) in Braford and Hereford cattle. 

Traits TC IB WG YG 

TC 0.25 ± 0.053 0.20 ± 0.173 -0.04 ± 0.160 -0.01 ± 0.183 
 [0.15, 0.35] [-0.15, 0.51] [-0.35, 0.27] [-0.36, 0.35] 

IB 0.02 ± 0.041 0.10 ± 0.024 -0.01 ± 0.182 -0.06 ± 0.207 
 [-0.06, 0.10] [0.05, 0.14] [-0.34, 0.36] [-0.46, 0.32] 

WG 0.11 ± 0.053 0.06 ± 0.043 0.25 ± 0.052 -0.20 ± 0.181 
 [0.004, 0.21] [-0.03, 0.14] [0.15, 0.36] [-0.54, 0.14] 

YG -0.01 ± 0.048 -0.03 ± 0.038 -0.34 ± 0.045 0.14 ± 0.038 
 [-0.10, 0.08] [-0.11, 0.04] [-0.43, -0.25] [0.07, 0.21] 

 

3.2. The Inductive Causation algorithm 

 Graphs obtained using the IC algorithm based on different HPD intervals are 

depicted in Figure 1. The network did not change for 75, 80, 85, 90, and 95% HPD, in 

which links between WG and YG, and WG and TC were detected, but their directions 

were not identified (Fig. 1a). Links without arrowheads represent associations 

between traits with no causal relationships identified. Likewise, the undirected 

network was obtained applying HPD interval equal to 70%, however an extra link 

between nodes WG and IB was detected (Fig. 1b). These results were expected, as 

application of a narrower HPD interval can result in more links being recovered 

(Valente et al., 2010; Valente et al., 2011; Inoue et al., 2016). Furthermore, it is 

reasonable to decrease HPD intervals for decisions when the posterior distributions 

of partial correlations are less sharp (Shipley, 2002). It is important to address the 
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fact that obtained outputs were completely undirected because no unshielded 

colliders were recovered, as finding unshielded colliders are essential for edge 

orientation on the IC algorithm. 

 

Figure 1. Links between traits detected by the inductive causation algorithm with 
95%, 90%, 85%, 80%, 75% (a), and 70% (b) of highest posterior density intervals. 
WG = weight gain from birth to weaning; YG = weight gain from weaning to yearling; 
TC = tick counts; IB = Babesia bovis infection level.  
 

3.3. The Structural Equation Model analysis 

The undirected network (Figure 1b) was oriented in four different ways for 

fitting the structural equation model (Figure 2). A combination of IC algorithm 

framework and prior knowledge is recommended for selecting causal structures 

(Pearl, 2000; Shipley, 2002). Here we used temporal information to orient the edge 

between weight gain traits (WG → YG). Nevertheless, there are no reasonable 

biological prior knowledge between WG, TC, and IB to assign a specific edge 

direction. Thus, using the structure in Figure 1b as a base, we decided to analyze all 

the possible edges resulting in four types of structures (Fig. 2). The SEMs fitted for 

these four fully oriented structures were compared in terms of goodness of fit and 

model complexity.  

Posterior means and posterior standard deviations (PSD) of variance 

components for the four SEM, as well as those estimated from MTM are shown in 

Table 3. Posterior means, PSD, and 95% HPD intervals of the structural coefficients 

inferred using the four SEM are also presented in Table 4, and the means and links 

between traits are depicted in Fig. 2. 
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Figure 2. Graphs and posterior means of structural coefficients between traits using 
four different networks (a, b, c, and d) based on the inductive causation algorithm 
results with 70% of highest posterior density intervals. WG = weight gain from birth to 
weaning; YG = weight gain from weaning to yearling; TC = tick counts; IB = Babesia 
bovis infection level. 
 

 In general, posterior means of genetic and residual variances, and 

heritabilities were similar for the four structural equation models fitted based on 

Figure 2 (Table 3). With respect to MTM, posterior means of (co)variances were not 

equal from those from the SEM (Table 3). Different results between these two models 

(MTM and SEM) are expected, because in MTM the genetic effects represent overall 

genetic effects on each trait (direct and indirect genetic effects), whereas in SEM 

genetic effects represent only direct effects acting directly on each trait (Valente et 

al., 2013). Therefore, the estimations of MTM and SEM obtaining in this study were 
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not directly comparable.  Examples can be found in Inoue et al. (2016) and Bouwman 

et al. (2014), working with bovine meat quality and milk fatty acid traits, respectively. 

 

Table 3. Posterior means and SD of (co)variance components (VC) for multiple trait 
model (MTM), and four structural equation models (SEM) fitted according to Figure 2 
for tick counts (TC), Babesia bovis infection level (IB), weight gain from birth to 
weaning (WG), and weight gain from weaning to yearling (YG) in Braford and 
Hereford cattle. 

VC1 MTM SEM (Fig. 2a) SEM (Fig. 2b) SEM (Fig. 2c) SEM (Fig. 2d) 

σe
2 WG 339.177 ± 29.231 330.621 ± 34.701 333.017 ± 34.282 329.031 ± 33.993 330.871 ± 33.790 

σe
2 YG 495.441 ± 29.063 455.031 ± 25.952 455.032 ± 25.953 454.907 ± 25.961 455.025 ± 25.926 

σe
2 TC 0.056 ± 0.004 0.056 ± 0.004 0.056 ± 0.004 0.056 ± 0.004 0.056 ± 0.004 

σe
2 IB 1.011 ± 0.048 1.024 ± 0.047 1.025 ± 0.047 1.024 ± 0.047 1.025 ± 0.047 

re WG, YG  -0.342¹ ± 0.045 - - - - 
re WG, TC 0.107¹ ± 0.053 - - - - 
re WG, IB 0.059 ± 0.043 - - - - 
re YG, TC -0.009 ± 0.048 - - - - 
re YG, IB -0.034 ± 0.038 - - - - 
re TC, IB 0.023 ± 0.041 - - - - 

σa
2 WG 113.027 ± 24.627 87.519 ± 23.321 85.091 ± 22.494 89.745 ± 23.667 87.501 ± 23.035 

σa
2 YG 78.214 ± 22.670 63.653 ± 19.895 63.423 ± 19.802 63.843 ± 19.965 63.490 ± 19.781 

σa
2 TC 0.019 ± 0.004 0.018 ± 0.004 0.018 ± 0.004 0.018 ± 0.004 0.018 ± 0.004 

σa
2 IB 0.106 ± 0.027 0.089 ± 0.025 0.087 ± 0.024 0.089 ± 0.025 0.087 ± 0.024 

ra WG, YG  -0.202 ± 0.181 -0.174 ± 0.212 -0.139 ± 0.214 -0.180 ± 0.211 -0.149 ± 0.211 
ra WG, TC -0.044 ± 0.160 -0.025 ± 0.166 -0.050 ± 0.168 -0.018 ± 0.195 -0.045 ± 0.196 
ra WG, IB -0.009 ± 0.182 0.150 ± 0.196 -0.032 ± 0.208 0.150 ± 0.199 -0.033 ± 0.210 
ra YG, TC -0.013 ± 0.183 -0.022 ± 0.151 -0.021 ± 0.151 -0.030 ± 0.152 -0.028 ± 0.151 
ra YG, IB -0.061 ± 0.207 -0.183 ± 0.175 -0.172 ± 0.175 -0.186 ± 0.174 -0.172 ± 0.175 
ra TC, IB 0.196 ± 0.173 0.249 ± 0.157 0.252 ± 0.155 0.255 ± 0.155 0.257 ± 0.155 

σm
2 WG 20.599 ± 14.518 51.198 ± 28.663 50.538 ± 28.081 49.820 ± 27.701 49.619 ± 27.499 

h² WG 0.250 ± 0.052 0.209 ± 0.053 0.204 ± 0.051 0.214 ± 0.053 0.209 ± 0.052 
h² YG 0.136 ± 0.038 0.123 ± 0.037 0.122 ± 0.037 0.123 ± 0.037 0.122 ± 0.037 
h² TC 0.250 ± 0.053 0.241 ± 0.047 0.241 ± 0.047 0.242 ± 0.048 0.242 ± 0.048 
h² IB 0.095 ± 0.024 0.080 ± 0.022 0.078 ± 0.021 0.080 ± 0.022 0.078 ± 0.021 
hm² WG 0.057 ± 0.041 0.134 ± 0.073 0.131 ± 0.071 0.131 ± 0.071 0.130 ± 0.070 

1 σe
2 = residual variance; re = residual correlation; σa

2 = genetic variance; ra = genetic correlation; σm
2 = maternal genetic 

variance; h² = heritability; hm² = maternal heritability. 
2 95% highest posterior density region does not include 0 for residual and genetic correlations. 

 

 Posterior means of structural coefficients for links between weight gain traits 

(WG→YG) from the four structural equation models were very similar (λYG, WG = -0.3), 

as well as the posterior SD, and HPD intervals (Figure 2 and Table 4), indicating WG 

imposes a negative causal effect on YG, as on average a 1kg increase in WG results 

in a decrease of 0.3kg on YG. The observed negative effect of WG on YG could be 

explained by compensatory growth processes (Fox et al., 1972). In addition, negative 

phenotypic correlations between WG and YG estimated using a large number of 

records have been reported in Brazilian Hereford and Braford cattle (Biegelmeyer et 

al., 2017), and for a herd of Angus cattle (Cardoso et al., 2004). Likewise, Kriese et 

al. (1991) reported that compensatory gain effects might justify the negative 

phenotypic correlation observed between adjusted weight at weaning and adjusted 

post weaning gain estimated in Hereford and Brangus cattle. 



72 

 

 

 

 Since a fully oriented structure is required to specify a SEM, links among WG, 

TC, and IB were oriented in four possibilities (Fig. 2) based on the directed acyclic 

graph (DAG) obtained with 70% HPD (Fig. 1b).  Although, the causal relationships 

among these traits (WG, TC, and IB) did not have strong evidence as for WG→YG, 

because of their low posterior means of residual correlations from MTM (𝑟𝑒WG,TC
=

0.107, and 𝑟𝑒WG,IB
= 0.059; Table 3), the third SEM fitted (Fig. 2c) presented better fit 

based on the DIC (Spiegelhalter et al., 2002), BIC (Schwarz, 1978), and AIC (Akaike, 

1974) criteria (Table 5). Further, as expected, the fourth SEM fitted (Fig. 2d) was not 

a plausible structure because of the imposed collider (TC→WG←IB).   

 Inferences about structural coefficients for TC→WG, and WG→IB, given the 

third SEM fitted (Fig. 2c), indicated that WG is affected by TC, and WG presents a 

small positive effect on IB. The effect of TC on WG (λWG,TC) was approximately 6.362, 

meaning that TC has a positive causal effect on WG; the magnitude of the change in 

WG due to a 1log (x+1) increase in TC is 6.362kg on average. The effect of WG to IB 

(λIB,WG) was 0.0004, denoting a weak causal association between these two traits. 

 One possible explanation for the observed positive associations, mainly 

between TC and WG, might be related to biological processes involved in host 

tolerance. There are two alternative host response strategies to pathogen 

challenges: resistance, defined as the ability of a host to limit or inhibit pathogen 

replication; and tolerance, defined as the ability of a host to limit the impact of 

infection on fitness or health (Lough et al., 2015). Therefore, animals can in principle 

protect themselves from subsequent harm from parasites and pathogens in two 

ways: by directly attacking parasites infections and thereby reducing parasite loads, 

or by limiting the harm caused by a given parasite burden. Thus, individuals that are 

best at controlling parasite burdens are not necessarily the healthier, as others can 

be quite healthy despite high parasite burdens (Råberg et al., 2008). The relative 

contribution of resistance and tolerance to infection outcome is poorly understood 

and studies in animals have focused on resistance (Lough et al., 2015; Råberg et al., 

2008), even though some studies associated resistance with performance decreases 

(Doeschl-Wilson et al., 2009). Morris et al. (2000) observed that a line of Romney 

sheep resistant to a nematode parasite expressed significant reductions in lamb 

weight gain and yearling weight. Findings by Mackinnon et al. (1991) indicate that 
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selection of cattle for growth would result in reduced resistance to ticks. In addition, 

according to Vagenas et al. (2007) differences in the growth rate of sheep were not 

sufficient to account for differences in the observed resistance of animals.   

 Causal effects reflect expected results of external interventions, and for this 

reason breeding strategies based only on MTM analysis could lead to incorrect 

selection decisions (Inoue, et al. 2016). Considering the traits studied here, 

inferences from SEM indicate that posterior means of genetic variance were smaller 

compared to inferences based on MTM (Table 3), mainly for weight gain traits (WG 

and YG). This suggests that in a scenario under interventions made on WG, such as 

different feeding management, the genetic variance for WG and YG inferred using 

the MTM would be overestimated. Causal inferences related to ticks and B.bovis 

traits could be confirmed with a larger number of records. Nonetheless, the results 

obtained here suggest that animal pathogen tolerance could lead to better production 

performance.     
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Table 4. Posterior means, SD, and 95% highest posterior density (HPD) intervals of 
the structures coefficients resulting from four structural equation models (SEM) to the 
causal structural showed in Figure 2 for tick counts (TC), Babesia bovis infection 
level (IB), weight gain from birth to weaning (WG), and weight gain from weaning to 
yearling (YG) traits in Braford and Hereford cattle. 

Model Paths 
Structural 

component¹ 

Parameters 

Mean 95% HPD interval 

SEM (Fig. 2a) 

WG→YG λYG, WG -0.3040 ± 0.0318 -0.3682, -0.2435 

WG→TC λTC, WG 0.0009 ± 0.0002 0.0005, 0.0013 

WG→IB λIB, WG 0.0005 ± 0.0011 -0.0018, 0.0027 

SEM (Fig. 2b) 

WG→YG λYG, WG -0.3027 ± 0.0323 -0.3651, -0.2393 

WG→TC λTC, WG 0.0009 ± 0.0002 0.0005, 0.0013 

IB→WG λWG, IB 1.0215 ± 0.5817 -0.1365, 2.1418 

SEM (Fig. 2c) 

WG→YG λYG, WG -0.3026 ± 0.0323 -0.3653, -0.2395 

TC→WG λWG, TC 6.3620 ± 2.3708 1.7230, 11.0324 

WG→IB λIB, WG 0.0004 ± 0.0011 -0.0019, 0.0026 

SEM (Fig. 2d) 

WG→YG λYG, WG -0.3036 ± 0.0322 -0.3679, -0.2405 

TC→WG λWG, TC 6.1856 ± 2.3730 1.5268, 10.8416 

IB→WG λWG, IB 0.9484 ± 0.5966 -0.2105, 2.1275 

¹ λ = structural coefficient. 

 

Table 5. Deviance information criterion (DIC), Bayesian information criterion (BIC), 
and Akaike information criterion (AIC) obtained for four structural equation models 
(SEM) fitted according to causal structure showed in Figure 2 for tick counts (TC), 
Babesia bovis infection level (IB), weight gain from birth to weaning (WG) and weight 
gain from weaning to yearling (YG) traits in Braford and Hereford cattle. 

Model DIC BIC AIC 

SEM (Fig. 2a) 20127.14 18103.46 18086.84 
SEM (Fig. 2b) 20131.42 18122.62 18105.99 
SEM (Fig. 2c) 20127.60 18097.38 18080.76 
SEM (Fig. 2d) 20130.34 18114.51 18097.89 

   

4. CONCLUSIONS 

 

 The potential causal relationships detected were more evident between weight 

gain from birth to weaning, and weight gain from weaning to yearling, and between 

tick counts and weight gain from birth to weaning. The final inferred directed acyclic 
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graph suggests that weight gain from birth to weaning imposes a negative causal 

effect on weight gain from weaning to yearling, and tick counts has a positive causal 

effect on weight gain from birth to weaning. It seems that compensatory growth and 

host tolerance biological processes are involved in theses causal relationships. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



76 

 

 

 

5. REFERENCES 

Aguilar I, Misztal I, Johnson DL, Legarra A, Tsuruta S, Lawlor TJ (2010) Hot topic: A 
unified approach to utilize phenotypic, full pedigree, and genomic information for 
genetic evaluation of Holstein final score. Journal of Dairy Science 93:743 - 752. 
 
Akaike H (1974) A new look at the statistical model identification. IEEE Transactions 
on Automatic Control 19:716 - 723 
 
Araujo Neto FR, Lôbo RB, Mota MDS, Oliveira HN (2011) Genetic parameter 
estimates and response to selection for weight and testicular traits in Nelore cattle. 
Genetics and Molecular Research 10:3127 - 3140.  
 
Biegelmeyer, P, Gulias-Gomes CC, Roso VM, Dionello NJL, Cardoso FF (2017) Tick 
resistance genetic parameters and its correlations with production traits in Hereford 
and Braford cattle. Livestock Science 202:96 - 100. 
 
Bilhassi TB, Oliveira HN, Ibelli AMG, Giglioti R, Regitano LCA, Oliveira-Siqueira 
TCG, Bressani FA, Malagó Jr W, Resende FD, Oliveira MCS (2014) Quantitative 
study of Babesia bovis infection in beef cattle from São Paulo state, Brazil. Ticks and 
Tick-borne Diseases 5:234 - 238. 
 
Bock RE, De Vos AJ, Kingston TG, Mclellan DJ (1997). Effect of breed of cattle on 
innate resistance to infection with Babesia bovis, B. bigemina and Anaplasma 
marginale. Australian Veterinary Journal 75:337 - 340. 
 
Bock R, Jackson L, De Vos AJ, Jorgensen W (2004) Babesiosis of cattle. 
Parasitology 129:247 - 69. 
 
Bouwman AC, Valente BD, Janss LLG, Bovenhuis H, Rosa GJM (2014) Exploring 
causal networks of bovine milk fatty acids in a multivariate mixed model context. 
Genetics Selection Evolution 46:2. 
 
Buling A, Criado-Fornelio A, Acenzo G, Benitez D, Barbacarretero Jc, Florin-
Cristensen M (2007) A quantitative PCR assay for the detection and quantification of 
B. bovis and B. bigemina. Veterinary Parasitology147:16 - 25.  
 
Clayton D (2014) snpStats: SnpMatrix and XSnpMatrix classes and methods. R 
package version 1.18.0. 
<http://www.bioconductor.org/packages/release/bioc/html/snpStats.html> Acesso em 
06: out. 2016) 
 
Doeschl-Wilson AB, Brindle W, Emmans G, Kyriazakis I (2009) Unravelling the 
relationship between animal growth and immune response during micro-parasitic 
infections. PLoS One 4: e7508. 
 
Fox DG, Johnson RR, Preston RL, Dockerty TR, Klosterman EW (1972) Protein and 
energy utilization during compensatory growth in beef cattle. Journal of Animal 
Science 34:310 - 318.  



77 

 

 

 

 
Frisch JE (1999) Towards a permanent solution for controlling cattle ticks. 
International Journal for Parasitology 29:57 - 71. 
 
Gelman A, Rubin DB (2006) Inference from iterative simulation using multiple 
sequences. Statistical Science 35:1239 - 1335. 
 
Geweke J (1992) Evaluating the accuracy of sampling-based approaches to the 
calculation of posterior moments. In: Bernardo JM, Berger JO, Dawid AP, Smith AFM 
(Eds.) Bayesian statistic. Oxford University, New York, NY. p. 625-631. 
 
Gianola D, Sorensen D (2004) Quantitative genetic models for describing 
simultaneous and recursive relationships between phenotypes. Genetics 167:1407 - 
1424. 
 
Giglioti R, Oliveira HN, Bilhassi TB, Portilho AI, Okino CH, Marcondes CR, Oliveira 
MCS (2018) Estimates of repeatability and correlations of hemoparasites infection 
levels for cattle reared in endemic areas for Rhipicephalus microplus. Veterinary 
Parasitology 250:78 - 84. 
 
Guglielmone AA (1995) Epidemiology of babesiosis and anaplasmosis in Southand 
Central America. Veterinary Parasitology 57:109 - 119. 
 
Haavelmo T (1943) The statistical implications of a system of simultaneous 
equations. Econometrica 11:1 - 12. 
 
Heidelberger P, Welch PD (1983) Simulation run length control in the presence of an 
initial transient. Operations Research 31:1109 - 1144. 
 
Inoue K, Valente BD, Shoji N, Honda T, Oyama K, Rosa GJM (2016) Inferring 
phenotypic causal structures among meat quality traits and the application of a 
structural equation model in Japanese Black cattle. Journal of Animal Science 
94:4133 - 4142. 
 
Jonsson NN, Bock RE, Jorgensen WK (2008) Productivity and health effects of 
anaplasmosis and babesiosis on Bos indicus cattle and their crosses, and the effects 
of differing intensity of tick control in Australia. Veterinary Parasitology 155:1 - 9. 
 
Kriese LA, Bertrand JK, Benyshek LL (1991) Age adjustment factors, heritabilities 
and genetic correlations for scrotal circumference and related growth traits in 
Hereford and Brangus bulls. Journal of Animal Science 69:478 - 489. 
 
Legarra A, Aguilar I, Misztal I (2009) A relationship matrix including full pedigree and 
genomic information. Jourmal of Dairy Science 92:4656 - 4663. 
 
 
 



78 

 

 

 

Lough G, Kyriazakis I, Bergmann S, Lengeling A, Doeschl-wilson AB (2015) Health 
trajectories reveal the dynamic contributions of host genetic resistance and tolerance 
to infection outcome. Proceedings of the Royal Society B 282:20152151 - 
20152151. 
 
Mackinnon MJ, Meyer K, Hetzel DJS (1991) Genetic variation and covariation for 
growth, parasite resistance and heat tolerance in tropical cattle. Livestock 
Production Science 27:105 - 122. 
 
Misztal I, Tsuruta S, Strabel T, Auvray B, Druet T, Lee DW (2002) BLUPF90 and 
related programs (BGF90). Proc. 7th World Congr. Genet. Appl. Livest. Prod. 
Montpellier, France. Commun. p. 28-07. 
 
Morris CA, Vlassoff A, Bisset SA, Baker AL, Watson TG, West CJ, Wheeler M (2000) 
Continued selection of Romney sheep for resistance or susceptibility to nematode 
infection: estimates of direct and correlated responses. Animal Science 70:17 - 27.  
 
Nari A (1995) Strategies for the control of one-host ticks and relationship withtick-
borne diseases in South America. Veterinary Parasitology 57:153 - 165. 
 
Oliveira-Sequeira TCG, Oliveira MCS, Araujo JP, Amarante AFT (2005) PCR-based 
detection of Babesia bovis and Babesia bigemina in their natural host Boophilus 
microplus and cattle. International Journal for Parasitology 35:105 - 111. 
 
Pearl J (2000) Causality: Models, reasoning and inference. Cambridge University 
Press, Cambridge, UK p. 478. 
 
Plummer M, Best N, Cowles K, Vines K (2006) Coda: Convergence diagnosis and 
output analysis for MCMC. R News 6:7-11. 
 
R Development Core Team (2009) R: A language and environment for statistical 
computing. R Foundation for Statistical Computing, Vienna, Austria.  
 
Råberg L, Graham AL, Read AF (2008) Decomposing health: tolerance and 
resistance to parasites in animals. Philosophical Transactions of the Royal 
Society 364:37 - 49.  
 
Rosa GJM, Valente BD (2014) Structural Equation Models for Studying Causal 
Phenotype Networks in Quantitative Genetics. In: Sinoquet C, Mourad R (Eds.) 
Probabilistic Graphical Models for Genetics, Genomics, and Postgenomics. 
Oxford University Press. First Edition. p.198-214.  
 
Rosa GJM, Valente BD, De Los Campos G, Wu XL, Gianola D, Silva MA (2011) 
Inferring causal phenotype networks using structural equation models. Genetics 
Selection Evolution 43:6.  
 



79 

 

 

 

Salem GH, Liu X, Johnsrude JD, Dame JB, Roman Reddy G (1999) Development 
and evaluation of an extra chromosomal DNA-based PCR test for diagnosing bovine 
babesiosis. Molecular and Cellular Probes 13:107 - 113. 
 
Schwarz GE (1978) Estimating the dimension of a model. Annals of Statistics 6:461 
- 464.  
 
Shipley B (2002) Cause and Correlation in Biology. Cambridge University Press, 
Cambridge, UK/London/New York p. 317.  
 
Spiegelhalter DJ, Best NG, Carlin BP, Van Der Linde A (2002) Bayesian measures of 
model complexity and fit (with discussion). Journal of the Royal Statistical Society 
B 64:583 - 639.  
 
Vagenas D, Bishop SC, Kyriazakis I (2007) A model to account for the consequences 
of host nutrition on the outcome of gastrointestinal parasitism in sheep: model 
evaluation. Parasitololy 134:1279 - 1289.  
 
Valente BD, Rosa GJM (2013) Mixed effects structural equation models and 
phenotypic causal networks. In: Gondro C, Van Der Werf J, Hayes B (Eds.) 
Genome-wide association studies and genomic prediction. New York: Humana 
Press, p. 449-464.  
 
Valente BD, Rosa GJM, De Los Campos G, Gianola D, Silva MA (2010) Searching 
for recursive causal structures in multivariate genetics mixed models. Genetics 
185:633 - 644. 
 
Valente BD, Rosa GJM, Gianola D, Wu XL, Weigel K (2013) Is structural equation 
modeling advantageous for the genetic improvement of multiple traits? Genetics 
194:561 - 572. 
 
Valente BD, Rosa GJM, Silva MA, Teixeira RB, Torres RA (2011) Searching for 
phenotypic causal networks involving complex traits: An application to European 
quail. Genetics Selection Evolution 43:37. 
 
VanRaden PM (2008) Efficient methods to compute genomic predictions. Journal of 
Dairy Science 91:4414 - 4423. 
 
Verma T, Pearl J (1990) Equivalence and synthesis of causal models. In: 
PROCEEDINGS OF THE SIXTH ANNUAL CONFERENCE ON UNCERTAINTY IN 
ARTIFICIAL INTELLIGENCE, Anais… Cambridge: Elsevier, p. 220-227.  
 
Wright S (1921) Correlation and causation. Journal of agricultural research 20:557 
- 585. 
 
 

 

 


