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RESUMO

O objetivo deste trabalho foi verificar qual modelo estatistico é o mais adequado para andlise
de caracteristicas longitudinais em rebanhos que realizam coleta seletiva de dados. Foram
utilizados os pesos aos 330, 385, 440, 495 e 550 dias de idade de machos Nelore. Os modelos
unicaracteristico (STM), multicaracteristico (MTM) e de regressao aleatéria com polindmios
lineares do tipo spline (RRM) foram comparados. O processo de coleta seletiva foi simulado
por meio de amostragens sequenciais dos 85 e 70% animais mais pesados ao longo do tempo.
As distribuicdes a posteriori dos parametros genéticos foram obtidas por meio do amostrador
de Gibbs, com os trés modelos mencionados anteriormente. As variancias para peso obtidas por
analise dos bancos de dados com coleta seletiva foram menores que aquelas obtidas para o
banco de dados completo quando o modelo STM foi utilizado. Por outro lado, ndo houve
diferenca significativa nas variancias, herdabilidades e correlacdes para a caracteristica peso
em analises do banco de dados com coleta seletiva e com registros completos, quando 0s
modelos MTM e RRM foram utilizados. Os modelos multicaracteristico e de regressao aleatéria
sdo adequados para andlise de caracteristicas longitudinais em rebanhos que realizam coleta

seletiva de dados.

Palavras chaves: herdabilidade, multicaracteristico, regressdo aleatdria, selecdo,

unicaracteristico, variancia



ABSTRACT

The aim of the current study was to verify which statistical model is the most suitable for
analysis of longitudinal traits in herds that use selective data collection. Weights at 330, 385,
440, 495 and 550 days of age of Nellore males were used. The single-trait (STM), multi-trait
(MTM) and random regression models with linear polynomial spline (RRM) models were
compared. The selective collection was simulated through sequential samplings of the 85 and
70% heavier animals over time. The posteriori distributions of the genetic parameters were
obtained by the Gibbs sampler, with the three models mentioned above. The variances for
weights obtained for the selective collection file analysis were smaller than those obtained for
the complete file when the STM model was used. On the other hand, there was no significative
difference between variances, heritabilities and correlations for weight in all files evaluated,
when the MTM and RRM models were used. Multi-trait and random regression models are

suitable for the analysis of longitudinal traits in herds that perform selective data collection.

Key words: heritability, multicaracteristic, random regression, selection, unicaracteristic,

variance
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1. INTRODUCAO GERAL

O rebanho bovino do Brasil é de aproximadamente 220 milhdes de cabecas, mas a
média da produtividade ainda pode ser considerada baixa em relagdo aquelas obtidas em paises
como Estados Unidos, Argentina e Australia (USDA, 2016). Neste sentido, 0 melhoramento
genético pode contribuir para 0 aumento na produtividade da bovinocultura brasileira. O
sucesso de um programa de melhoramento genético depende da definicdo dos objetivos de
selecdo e, também, da correta identificagdo do mérito genético dos candidatos a selecdo (Harris
et al., 1984). O mérito genético dos candidatos a selecdo pode ser predito por meio das
avaliacdes genéticas e essas, por sua vez, dependem do conhecimento de parametros genéticos.

A coleta de dados a campo é fundamental para assegurar a confiabilidade dos
parametros genéticos e € uma das etapas mais onerosas do programa de melhoramento genético.
Custos relacionados a mao de obra, a estrutura fisica necessaria para mensuracgdes dos animais,
ao estresse e perda de produtividade em funcdo dos manejos devem ser contabilizados a fim de
se definir as caracteristicas e os animais que devem participar do processo de mensuracao.

Portanto, a coleta seletiva de dados, que consiste em determinar quais animais do
rebanho serdo medidos e descartar os demais, pode se tornar uma estratégia fundamental para
reduzir custos com mensuracfes e manutencdo de animais menos produtivos no rebanho. Além
disso, os recursos financeiros provenientes da venda de animais de descarte sdo fundamentais
para a manutencdo do fluxo de caixa da operacdo saudavel.

O proprio processo de selecdo artificial (Henderson, 1975; Pollak e Quaas, 1981;
Gianola e Fernando, 1988; Long et al., 1991) e o uso de modelos estatisticos inadequados

podem levar a estimacdo de parametros genéticos imprecisos e tomadas de decisdao que podem
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prejudicar a evolucdo genética do rebanho. Entretanto, trabalhos que abordam a adequacéo de
modelos estatisticos para dados sob coleta seletiva séo raros (Nobre et al., 2003a).

Nesta dissertacdo, serdo apresentados os resultados provenientes do uso de modelos
estatisticos unicaracteristico, multicaracteristico e de regressdo aleatoria para analises genéticas

do peso de bovinos em diferentes idades em rebanhos que praticam coleta seletiva de dados.



13

2. REVISAO DE LITERATURA

2.1. Metodologias estatisticas para analises genéticas

Rotineiramente, informacdes fenotipicas sdo utilizadas como critérios de selecdo a fim
de promover o progresso genético (Lush, 1931). O valor fenotipico de um individuo € definido
pelo somatorio das contribuicdes genéticas, ambientais e suas interagdes. O uso de métodos
estatisticos com pressuposi¢des adequadas que ajustem o maior numero de fatores ndo
genéticos, que influenciem a caracteristica escolhida como critério de selecdo e que estimem de
maneira precisa o valor genético de um animal é indispensavel para garantir a eficiéncia do
processo de selecdo (Yates, 1934). Dessa maneira, considera-se como um método adequado
para estimacdo de parametros genéticos aquele que possui alta probabilidade de ranquear
corretamente os individuos avaliados (Henderson, 1977).

Dentre os métodos estatisticos conhecidos, 0 BLUP (melhor preditor linear ndo
viesado) é o mais utilizado. Proposto em 1949 por Henderson, ele foi originado por uma
modificacdo da metodologia de quadrados minimos, que era, até entdo, utilizada para estimar
0s parametros genéticos e gerar as avaliagfes genéticas dos individuos. O BLUP tem como
pressuposicdo habitual considerar que os valores genéticos de individuos da populacdo base
possuem distribuicdo normal com média zero e que as variancias genéticas e as correlacoes séo

conhecidas (Henderson, 1973). Uma importante propriedade desse método é fornecer
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avaliacGes geneéticas ndo viesadas, ou seja, a esperanca do preditor € igual a esperanca da
variavel desconhecida que sera predita (Henderson, 1975).

Mesmo ap6s o surgimento do BLUP, ainda ocorriam problemas computacionais em
virtude da dificuldade de se inverter a matriz de variancia do vetor de observacdes, cuja
importancia estd relacionada a resolucdo das equacdes provenientes da metodologia dos
quadrados minimos. Desse modo, também em 1949, Henderson criou a metodologia dos
modelos mistos que ndo exigia a inversao dessa matriz e fornecia 0 mesmo resultado do indice
de selecdo modificado pelo BLUP (Henderson, 1974). Esse método foi assim chamado por
incluir ao modelo dos quadrados minimos, que apresenta apenas efeitos fixos em suas equacdes,
o efeitos aleatdrio genético aditivo. Essa inclusdo possibilitou a reducao na variancia do erro de
predicdo e consequente aumento da acuracia de ranqueamento dos animais a partir dos valores
genéticos preditos nessas avaliagdes genéticas.

A metodologia dos modelos mistos pode ser aplicada de diferentes maneiras, como,
por exemplo, no modelo animal, modelo reprodutor, entre outrros. O modelo animal foi
proposto por Henderson e Quaas (1976) e possibilita a inclusdo de todas informagdes de
parentesco disponiveis para a analise e consequente obtencdo do valor genético para todos
individuos presentes no pedigree, inclusive para animais que ndo apresentam registros para a
caracteristica avaliada. J& no modelo reprodutor, considera-se apenas 0 parentesco entre

reprodutores, e por esse motivo, sdo obtidos valores genéticos apenas para 0s reprodutores.
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2.2.  Modelos estatisticos aplicados ao melhoramento animal

Varios modelos estatisticos sdo utilizados para a realizacdo de avaliagdes genéticas e
muito se discute acerca de qual seria 0 melhor a ser aplicado em cada situagdo. Contudo, deve-
se atentar a que se refere tal superioridade de um modelo em relagdo ao outro. Um modelo pode
ser considerado superior por reduzir o erro de predicdo, pela simplicidade matematica e
computacional, por reducdo ou eliminacdo do viés ou por possuir outras propriedades
desejaveis (Sorensen e Kennedy, 1984a).

O modelo unicaracteristico apresenta relativa facilidade matematica e computacional,
e, de forma geral, pode ser descrito como:

y;=u +GC, +a; +e;,
onde: y; representa o valor fenotipico; u, a constante geral presente em todas as observagges;

GC,, o efeito do grupo contemporaneo i; a; , o valor genético do animal j e e;, o efeito

residual.

As pressuposicdes assumidas para os vetores dos efeitos aleatdrio genético (a) e
residual (&) ao utilizar o modelo unicaracteristico sdo: a~ N(0,As2)e e~ N(0,ls?),

respectivamente; sendo que: N representa a distribuicdo normal; A, a matriz de parentesco; o’

, a variancia genética aditiva; |, a matriz identidade e ¢, a variancia dos residuos. Dessa

maneira, a covariancia e a correlacdo entre as caracteristicas sdo desconsideradas por esse

modelo pois cada caracteristica é avaliada separadamente (Misztal et al., 1993).
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Diferentemente do modelo unicaracteristico, 0 modelo multicaracteristico considera a
correlacdo existente entre as caracteristicas (Walter e Mao, 1985; Misztal et al., 1993) e permite
a incluséo de varias caracteristicas na analise para a formacéo dos indices de selecdo (Valverde
et al., 2007; Boligon et al., 2009). A importancia da contribuicdo de varias caracteristicas
envolvidas na analise para a avaliacdo genética de um animal foi destacada por Schaeffer
(1984), salientando que a inclusdo de um maior niumero de informacdes e a relacdo entre as
mesmas em analises multicaracteristicas contribui para resgatar maior proporcao de variancia
genética aditiva, possibilitando o consequente aumento de herdabilidade.

O sistema de equacdes de modelos mistos multicaracteristico possui maior nimero de
equac0es e de incognitas em relacdo ao modelo unicaracteristico. Dessa maneira, ao se utilizar
0 modelo multicaracteristico, todas essas equacdes sdo utilizadas para predizer o valor genético
de um animal para a caracteristica de interesse aumentando a acuracia de predicao.

O modelo multicaracteristco pode ser descrito de forma semelhante ao modelo
unicaracteristico apresentado anteriormente. Entretanto, para 0 modelo multicaracteristico, o
efeito genético é descrito por meio da matriz de varidncia e covariancia genética e o efeito do
erro pela matriz de variancia e covariancia do residuo. Assim, as pressuposi¢des assumidas para

os efeitos aleatdrios genéticos e residuais quando se utiliza 0 modelo multicaracteristico sao:

QD
iy

D
=

1
!

ol

T |~N(@OA®G) e ~N(@©,l®R), onde G, corresponde a matriz

a, €
2 N - _
ay O-ala2 e O-alap e ee, eep
2 oo 2
O-alla2 O-a2 O—aza

21 e R, corresponde a matriz

a,a
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corresponde o vetor de solucGes dos efeitos genéticos aditivos direto para a caracteristica p;

e, , 0 vetor dos residuos para a caracteristica p.

Analises de algumas caracteristicas longitudinais, como o peso corporal, utilizando
modelos multicaracteristicos tém como desvantagem a necessidade de ajustamento dos dados
para pontos definidos previamente como padrdes, acarretando em descarte de muitos dados e a
consequente reducdo da acuracia (Nobre et al., 2003a). Desta maneira, 0 modelo de regressédo
aleatéria pode ser uma alternativa as analises convencionais que utilizam modelos
multicaracteristicos para estimar componentes de variancia e parametros genéticos, como, por
exemplo, analises de peso realizadas em diferentes idades de bovinos de corte (Albuquerque e
Meyer, 2001; Nobre et al., 2003a; Sakaguti et al., 2003; Meyer, 2005; Dias et al., 2006).

A regressao aleatdria possibilita a obtencao de parametros genéticos em qualquer idade
dentro do intervalo considerado (Nobre et al., 2003a, 2003b; Sousa Junior et al., 2010). Esse
modelo proporciona aumento na acuracia da avaliacdo em funcéo da eliminacdo de pré-ajustes
nos dados exigidos pelos modelos multicaracteristicos e a possibilidade de se trabalhar com
todas as pesagens disponiveis com as covariancias adequadas (Meyer, 2004).

A equacao que representa 0 modelo de regressdo aleatdria via polinémio spline pode
ser descrita, de forma geral, como:

H H H
Yijk :ch +hz_;,¢h(Ak)Ch +;¢h(A‘K)aih +;§Dh(Ak)pih +Eiji

Em que: v, representa o fendtipo para a caracteristica avaliada; H ,0 nimero de nos em cada
modelo; qoh(Ak), o polindmio linear spline (PLS) h; ¢, o coeficiente de regressdo h para
modelar a trajetoria média; a, , o coeficiente de regressao aleatorio genético aditivo do animal

i associado ao polindmio h; p, , o coeficiente de regressao aleatdrio para o efeito de ambiente
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permanente do animal iassociado ao polindmio h; e;,, 0 erro associado a cada observagdo e

0s demais termos como descritos anteriormente.

a‘l el
a2 eZ
As pressuposicdes assumidas para o efeito aleatdrio genético| : |, residual | - | e
ap ep
o]
. : P - . o
efeito de ambiente permanente | ; | quando se utiliza o modelo de regressdo aleatoria sdo:
Py
_al— —el_ i pl—
a‘2 eZ p2
T |~N(0,A®K,), |1 |[~N(0,I®K;), | : |~N(O,P®K,), onde K,, K;, K,
ap eP pp

representam as matrizes de variancias e covariancias entre os coeficientes de regressao para 0s
efeitos genético aditivo, residual e de ambiente permanente, respectivamente.

Dessa forma, as avaliacGes genéticas também podem ser realizadas por meio de modelos
de regressdo aleatoria, utilizando diferentes tipos de polinbmios como, por exemplo, o
polinémio linear do tipo spline (Misztal, 2006). O uso do spline implica que as solugdes
encontradas para os coeficientes de regressdo dos polindmios coincidam exatamente com as

estimativas de componentes de variancia para os pontos definidos pelos nos.
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2.3. Selecdo

2.3.1. Selecé@o e metodologias estatisticas

A relacdo entre os dados avaliados, a interacdo gendtipo-ambiente e o processo de
selecdo podem dificultar a estimacgdo de parametros genéticos. Assim, varios autores da area de
melhoramento genético tém discutido a presenca, a auséncia e a quantificacdo do viés nas
avaliacGes genéticas obtidas com o uso de diferentes métodos e modelos estatisticos em
diversas condi¢Ges da producdo animal, principalmente em rebanhos em que a selecdo é
praticada (Long et al., 1991; Meyer et al., 1993; Nobre et al., 2003a, 2003b; Pedrosa et al.,
2014).

A selecdo artificial é capaz de provocar mudancas nas variancias genéticas em funcéo
do desequilibrio gamético existente em varios loci com efeitos aditivos (Bulmer, 1971), das
covariancias negativas geradas entre as frequéncias dos genes nos diferentes loci (Felsenstein,
1965), ou de ambos fatores simultaneamente (Sorensen e Kennedy, 1984a). Entretanto, Bulmer
(1980) relata que, no &mbito da genética quantitativa, as caracteristicas avaliadas séo resultantes
de grande numero de processos fisioldgicos, provenientes de grande nimero de proteinas e
determinadas por grande um numero de genes. Dessa forma, ele afirmou que o processo de
selecdo pode ndo ser capaz de influenciar as estimativas dos pardmetros genéticos dessas

caracteristicas quantitativas.
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A selecdo sequencial é caracterizada pela escolha de animais previamente selecionados
para determinadas caracteristicas. Em virtude desse processo, analises genéticas obtidas de
rebanhos que praticam esse tipo sele¢cdo podem apresentar maior magnitude das diferencas
observadas nas médias dos parametros genéticos em relacdo as analises de rebanhos que
praticam outros tipos de selecdo (Long et al., 1991; Schaeffer et al., 1997; Kaps et al., 1999).
Dessa maneira, analises de rebanhos que praticam a selecdo sequencial exigem tratamento
estatistico diferente daqueles aplicados em anélises de rebanhos que praticam apenas uma
selecdo durante todo ciclo produtivo (Schaeffer et al., 1997).

Na presenca de selecdo, o estimador dos quadrados minimos nao apresenta viés apenas
guando os registros sdo devidamente ajustados para os efeitos fixos, a selecdo ocorre dentro de
uma geracdo e existe apenas um registro para cada candidato a selecdo (Sorensen e Kennedy,
1984b). Ja o estimador do modelo misto é considerado como néo viesado e o0s valores genéticos
apresentam a menor variancia de predicdo do erro quando a selecdo ocorre dentro dos niveis de
efeito fixo e as variancias dos efeitos aleatorios sdo conhecidas (Sorensen e Kennedy, 1984b).
Nesse mesmo estudo, os autores verificaram que quando determinadas condi¢fes eram
conhecidas, 0 modelo misto ndo requeria o uso de populacdo controle para a adequada particdo
do fen6tipo em componentes genéticos e ambientais.

Para que as equacOes dos modelos mistos que levam ao BLUP na auséncia de selecéo
sejam aplicadas a dados gerados por um ou muitos ciclos de selecéo, é necessario assumir que
as variancias dos efeitos aleatorios sejam corretamente especificadas e conhecidas, bem como
que a distribuicdo normal multivariada continue apos repetidas geracoes de selecdes e a selegédo
seja uma funcéo linear dos registros baseada no valor fenotipico e que seja invariante aos efeitos
fixos do modelo (Sorensen e Kennedy, 1984b).

Avaliando trés modelos, quadrado minimo com modelo reprodutor, quadrado minimo

com modelo animal e uma modificacdo do método de Henderson com modelo reprodutor na
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presenca ou auséncia de selecdo, Sorensen e Kennedy (1984a) demonstraram que, quando o
acasalamento era ao acaso, o quadrado minimo com modelo reprodutor foi 0 Unico método que
apresentou Viés, pois ignorava a endogamia e o parentesco ndo colateral entre animais. Ja na
presenca de selecdo, observou-se que 0 Unico método que ndo apresentou viés foi 0 quadrado
minimo com modelo animal. Além disso, os autores verificaram que a quantidade de viés
provocada pela utilizacdo de matriz de parentesco incompleta foi maior quando houve selecéo
do que quando ocorreu acasalamento ao acaso, sugerindo que para que haja eliminagédo do viés
deve-se utilizar o modelo animal e a matriz de parentesco completa

Trabalhando com simulagédo, Van Tassel et al. (1995) avaliaram o quadrado médio do
erro para os metodos de quadrados minimos, maxima verossimilhanca restrita e inferéncia
bayesiana em trés situacdes: selecdo, amostragem aleatoria e auséncia de selecdo. Ndo foram
encontradas diferencas nas médias dos quadrados dos erros para os trés métodos avaliados
guando houve amostragem aleatoria e auséncia de sele¢do. Contudo, quando a selecdo ocorreu,
observou-se diferenca no quadrado médio do erro nos métodos avaliados, levando os autores a
concluirem que as diferencas na acuracia dos métodos de estimacdo dos componentes de
variancia observadas ocorreram em funcdo do efeito direto da selecdo e ndo em virtude da
mudanga na estrutura da populacdo. Sorensen e Kennedy (1984a) e Pieramati e Van Vleck
(1993) também observaram diferenca no quadrado médio do erro para caracteristicas
quantitativas na presenca de selecéo.

Outros resultados relacionados ao viés provocado pela selecdo foram observados por
Henderson (1949) que demonstrou que a metodologia dos quadrados minimos leva a
estimativas de parametros genéticos viesadas quando o efeito da vaca é considerado como fixo,
por Lush e Shrode (1950) que explanaram acerca do viés nos parametros genéticos proveniente

da estimacao do fator de correcdo da idade e por Lush e Shrode (1950) e Henderson et al. (1959)
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que demonstraram que o estimador dos quadrados minimos para 0s parametros genéticos em

modelos de selecdo envolvendo performance a pasto é viesado.

2.3.2. Selecao e modelos estatisticos

As pressuposicdes relacionadas ao descarte de animais assumidas para 0 modelo
multicaracteristico diferem daquelas assumidas para o unicaracteristico. No modelo
multicaracteristico, essas pressuposi¢cdes consideram o descarte como ndo aleatério e 0s
melhores animais para determinada caracteristica sdo escolhidos em detrimento dos demais
(Boligon et al., 2009). Os resultados encontrados por Pedrosa et al. (2014), avaliando modelos
unicaracteristico, bicaracteristico e multicaracteristico com cinco caracteristicas para peso ao
nascimento, peso ao desmame, circunferéncia escrotal, ganho de peso e musculosidade,
demonstraram que o modelo multicaracteristico foi capaz de eliminar o viés provocado pela
selecdo. Dessa forma, os autores concluiram que o modelo multicaracteristico que incluia as
informacdes pré-desmame foi 0 mais recomendado para avaliac@es genéticas de caracteristicas
p6s desmame por favorecer a redugdo do viés ocasionado pelo descarte de animais nas fases
iniciais de criacéo.

O efeito da selegéo sequencial pode ser amenizado pela inclusdo de registros anteriores
a selecdo (Bulmer, 1971; Pollak et al., 1984; Henderson, 1986; Thompson e Meyer, 1986). A
remocdo do viés ocasionado pela sele¢do por intermédio da inclusdo dessas informacdes pré
selecdo também foi confirmada por Meyer et al. (1993), Meyer (1995), Kaps et al. (1999),
Mercadante et al. (2004), Boligon et al. (2009) e Mashiloane et al. (2009) que compararam 0

modelo unicaracteristico com o multicaracteristico em que caracteristicas mensuradas antes da
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selecdo foram incluidas. Esses autores observaram estimativas de parametros genéticos para
caracteristicas de crescimento pds desmame em bovinos de corte maiores nas analises
multicaracteristicas em relacdo as unicaracteristicas. A correlagcdo entre os valores genéticos
para caracteristicas de peso em analises realizadas com os modelos bi e multicaracteristicos
demonstrou que a inclusdo ou exclusédo de informacdes pré-selecdo foi capaz de promover
alteracdo no ranqueamento dos animais avaliados (Mashiloane et al., 2009).

Pollak et al. (1984), utilizando informac@es de crescimento em touros, avaliaram dois
modelos multicaracteristicos para peso que diferiam apenas pela inclusdo do peso dos animais
descartados ao desmame ou ndo e demonstraram que as analises que utilizaram apenas os dados
selecionados foram viesadas pela selecdo ao desmame. Dessa forma, os autores ressaltaram a
importancia da inclusdo das informacdes pre-selecdo na analise para 0 aumento da acuracia de
predicao.

Aumento na estimativa da herdabilidade para peso foi observado ao se utilizar analise
bicaracteristica em comparagdo a unicaracteristica em ovinos da raga Santa Inés (Sousa et al.,
1999). Da mesma forma, Sarmento et al. (2006), comparando 0s modelos uni e
multicacaracteristico para analise do peso em um rebanho de ovinos da raca Santa Inés que ndo
estava sob selecdo, observaram estimativas de variancia genética aditiva e de herdabilidades
superiores quando o segundo modelo foi utilizado. Desse modo, foi demonstrado que a
informacao de uma caracteristica contribuiu para a estimacgdo das variancias genéticas aditivas
diretas da outra caracteristica.

Os modelos multicaracteristico, de regressao aleatoria com polinémio de Legendre e
de regressdo aleatéria com polinémio spline foram avaliados para dados simulados por
Bohmanova et al. (2005). Os dados divergiam entre si pelo nimero de registros apresentados
para cada individuo e pela auséncia ou presenca de padronizacdo dos dados. N&o foram

encontradas diferencas para as solugbes quando 0s registros ocorreram nos pontos
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padronizados. Para os registros que ocorreram fora das idades padrdes, a acuracia foi mantida
apenas para os modelos de regressdo. Entretanto, avaliacGes genéticas menos acuradas quando
a regressdo aleatoria foi utilizada em relagdo ao modelo multicaracteristico foram observadas
por Meyer (1999) e Schaeffer et al. (1997).

O estudo de Nobre et al. (2003a) verificou 0 uso do modelo multicaracteristico e de
regressao aleatéria com polinbmio de Legendre para avaliar dois arquivos de dados distintos,
um contendo apenas dados completos e outro contendo dados incompletos para pesos em
diferentes idades de bovinos. Ambos 0s modelos estudados apresentaram padrdes de curvas de
crescimento semelhantes para todos os arquivos avaliados. Todavia, as estimativas de variancia
genética e residual obtidas por meio da regressao aleatoria foram superiores aquelas obtidas por
meio do modelo multicaracteristico no arquivo onde houve diminuicdo do contingente
populacional, o que ndo foi observado quando os dados avaliados eram provenientes do arquivo
completo. As estimativas de variancias para o arquivo incompleto em relacdo ao completo
foram superiores para os dois modelos avaliados. Ja as estimativas de herdabilidade para peso
foram diferentes entre os dois modelos avaliados em ambos arquivos de dados.

Diferencas nas estimativas de herdabilidade para pesotambém foram relatadas por
Sousa Junior et al. (2010). Porém esses autores, avaliando modelo bicaracteristico em relacéo
a regressdo aleatoria, ndo encontraram diferencas nas estimativas de variancia aditiva para 0s
dois modelos como observado no trabalho de Nobre et al. (2003a).

Em outra pesquisa, Nobre et al. (2003b) verificaram que a correlacdo genética para
diferenca esperada na progénie (DEP) de peso em touros com ndmero de filhos inferior a
cinquenta foi distinta entre os modelos multicaracteristico e de regresséo aleatoria. Além disso,
Nobre et al. (2003b) demonstraram que as variancias para peso obtidas por meio do modelo de
regressdo aleatdria eram mais flutuantes do que aquelas obtidas por meio do modelo

multicaracteristico, especialmente em idades tardias. Dessa forma, os autores demonstraram
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que a regressdo aleatoria pode ser imprecisa para estimar parametros genéticos em funcéao de
fatores como o tamanho do conjunto de dados, a presenca de selecéo, o tipo de modelo utilizado
na analise e as metodologias aplicadas.

Em virtude do que foi discutido anteriormente, é relevante a necessidade do
desenvolvimento de alternativas que viabilizem a obtencdo de parametros genéticos estimados
por meio de dados provenientes de populagcdes que passaram por algum tipo de amostragem,
como é o caso da grande maioria dos dados provenientes dos programas de melhoramento

animal.
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3.0. STATISTICAL MODELS FOR THE ANALYSIS OF
LONGITUDINAL TRAITS IN BEEF CATTLE UNDER SEQUENTIAL

SELECTIVE RECORDING

ABSTRACT. The compreensive analyses of longitudinal traits under sequential selective
recording could improve genetic parameters estimates and lead to more accurate selection
decisions. The objective of this study was to evaluate statistical models for analyzing
longitudinal traits under sequential selective recording. We estimated genetic parameters for
60,550 body weight records of 12,110 young Nellore bulls exploring three models: single trait
(STM), multi-trait (MTM) and random regression model with linear spline polynomials (RRM).
Four additional dataset were obtained from those whole data (DB100). Two of them through a
sequential selective recording using 85% (DB85) and 70% of heaviest animals (DB70) and the
other two dataset with the same number of records in each age however, random data collection
of 85% (RS85) and 70% (RS70) of body weight records. In STM and MTM, the body weights
were standardized at 330 (BW330), 385 (BW385), 440 (BW440), 495 (BW495) and 550 days
of age (BW550). In RRM, the knots of linear splines polynomials were adjusted in the same
ages that were standardized for STM and MTM and at 250 and 597 days of age. However, for
RRM analysis the body weights were not standardized. In general, genetic parameters estimated
by STM with DB100 were significantly different to those obtained with DB85 and DB70 and
no significantly different to genetic parameters estimated with RS85 and RS70. Different
percentages of selected individuals (DB85 and DB70) also provided different changes in
genetic parameters. When MTM and RRM were employed no significant differences on genetic

parameters estimates of body weight were observed across the DB100, DB85 and DB70. Thus,
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both models, MTM and RRM, are adequate for genetic evaluation of the longitudinal traits

under sequential selective data recording.

Keywords: heritability, multi-trait analysis, random regression, selection, single trait analysis

3.1. Introduction

The selection process can influence the estimates of variance components and the
accuracy of breeding values (Long et al., 1991; Schaeffer et al., 1998; Kaps et al., 1999). Thus,
alternative models in which selection is practiced were previously reported by several authors
(Nobre et al., 2003a; Bohmanova et al., 2005; Boligon et al., 2009). However, the suitability
of models for sequential selective recording was not addressed. Sequential selective recording
involves the sequential measurement of a group of individuals for some longitudinal trait with
the purpose of reducing costs related to labor and the management of the animals; therefore it
is an alternative to commercial herds. This process could generate differences between the
estimates of genetic parameters of herds that practice and do not practice it.

The single trait model (STM), multi-trait model (MTM) and random regression model
with linear spline polynomials (RRM) are commonly employed to perform genetic evaluations.
However, models that do not consider the correlation among random effects, such as the STM,
may compromise the estimation accuracy of genetic parameters and breeding values (Misztal
et al., 1993). MTM and RRM enable the estimation of correlations among random effects and
the inclusion of pre-selection records (Pollak et al., 1984; Henderson, 1986; Thompson and
Meyer, 1986 and Meyer, 1995). Thus, these models can reduce or eliminate the influence of

sequential selection on genetic parameter estimates (Schaeffer et al., 1998).
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The MTM requires the standardization of data in analyses of longitudinal traits, such
as weight, which can cause the loss of records obtained outside the range established as a
reference (Meyer, 2004). Conversely, the RRM enables the inclusion of information without
standardization and the estimation of breeding values for all animals within the evaluated period
(Misztal, 2006).

The objective of this study was to evaluate statistical models, STM, MTM and RRM

for analyzing longitudinal traits under sequential selective recording.

3.2. Material and methods

Original data and complete file

Data from young Nelore bulls that participated in performance tests on pasture of the
Brazilian Zebu Breeders Association (Associacao Brasileira dos Criadores de Zebu - ABCZ)
were employed. The data were collected during a period of 294 days (70 days of adaptation and
224 days of testing), and the animals were weighed at the beginning of the adaptation period,
at the end of the adaptation period and every 56 days until the end of the test.

For the implementation of the STM and MTM, the weights for the pre-established ages
must be standardized (Meyer, 2004). The weights were standardized for the ages of 330
(BW330), 385 (BW385), 440 (BW440), 495 (BWA495) and 550 days (BW550), which
corresponded to the mean age at the performed weighing. The standardized weight at age X (

X = 330, 385, 440, 495 and 550) was obtained by the following equation:

BW, = ABW, + ADG(X — AGE, ), where BW represents the standardized weight at age X ;
ABW represents the actual weight obtained near age X ; ADG represents the mean daily gain

for the period of 56 days prior to age X ; and AGE represents the actual age. For BW330, the

ADG for standardization was obtained after the reference age.
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The individual records that exceeded the range obtained from the mean weight in the
test plus or minus 3.5 standard deviations and the records of all animals that participated in tests
with less than 35 animals were excluded. After these omissions, the data file consisted of the
weights of 12,110 animals, which participated in 226 performance tests that were performed
between 2003 and 2012 in the North (Ronddnia, Para and Tocantins), Northeast (Bahia),
Central-West (Goias, Mato Grosso and Mato Grosso do Sul), Southeast (Espirito Santo, Minas
Gerais and Séo Paulo) and South (Parana) of Brazil.

The pedigree file was constructed from the genealogical records of the animals with
validated data and their ancestors, which consisted of 70,212 animals in the numerator

relationship matrix.

Sampling simulations

From the previously described data file, two files were constructed to simulate the
selective recording processes. These files were formed by selective data recording of the
heaviest animals at weighing. The percentages of individuals who were selected in each of the
files were 85% (DB85) and 70% (DB70). If an animal did not satisfy the established criteria,
the weights of the animal that were obtained at subsequent ages were excluded. The descriptive

statistics of these three files are presented in Table 1.
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Table 1. Summary statistics in different databases® for body weight (BW) traits?> of Nellore

young bulls in the performance test

Database? Trait? n Mean (kg) SD (kg) CV (%)
BW330 12,110 224.9 37.7 16.76
DB100 BW385 12,110 245.5 43.0 17.52
BwW440 12,110 279.7 46.4 16.59
BW495 12,110 317.8 50.0 15.73
BW550 12,110 347.9 50.4 14.49
BW330 12,110 224.9 37.7 16.76
DBS5 BW385 10,406 251.7 41.7 16.57
BwW440 8,955 288.9 45.1 15.61
BW495 7,707 331.5 47.8 14.42
BW550 6,664 366.0 47.5 12.98
BW330 12,110 224.9 37.7 16.76
DB70 BWa385 8,583 256.0 41.3 16.13
BwW440 6,120 296.4 45.1 15.22
BW495 4,380 342.2 a47.7 13.94
BW550 3,156 379.3 47.7 12.58

1 DB100 = database with 100% of records: DB85 and DB70 = database with records of 85%

heavier animals and 70% heavier animals, respectively, after selective sampling;

2 BW330, BW385, BW440, BW495 and BW550 = body weight at 330, 385, 440, 495 and 550

days of age; n = number of records; CV (%) = coefficient of variation.

Additional files were also formed by random sampling, with the same sampling

percentages (RS85 and RS70). In these cases, the random sampling procedures were performed

ten times according to each sampling percentage.

Statistical analyses

The data of the original file and the simulated files were analyzed using STM, MTM

and RRM.

The general STM and MTM can be defined as Y;;,=U+PT,;+b; (Ak-xj)l-aﬁe”k
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where y,, represents the observed value for the trait of the animal i in the weight gain test ]
at age k; U denotes the general constant in each observation; PT, represents the effect of the
performance test j on the trait; b, denotes the coefficient of linear regression of the effect of
age on the trait nested in the performance test j; A, representsthe age k ; XJ denotes the mean
age of the animals at the performance test j; a. denotes the genetic value of the animal i ; and

e;; epresents the error associated with each observation.

In the matrix notation, the STM can be defined as y=X f+Za+e, where vy,
represents the vector of observations; X denotes the incidence matrix of fixed effects; g

represents the solution vector for fixed effects; Z denotes the incidence matrix for random

effects; a represents the solution vector for the individual genetic effects; and e denotes the

residual effects vector.

The following assumptions were assumed for the effects included in the STM: a priori

flat distributions, B ( £ ~ constant); normal distributions for a [a‘A,ai ~ N(o, Aaj)j and e

€

aj(aj ~[2(ve,882)). In this case, A is the relationship matrix, 1, is the identity matrix for

0§~N(0"Ni5e2)j; and inverse  chi-square  for aj(o-z~[2(va,sj)) and

a

order N; (N; = number of observations); o2 is the additive genetic variance; o? is the
residual variance; and v,, v,, and S2, S? the hyperparameters of prior distributions.

In the matrix notation, the MTM can be represented by

Y1 Xl d - P ﬂl Zl b - @_ Q €

Vol @ X, o |B||o z, - o2&
y5 qj @ M X5 ,35 @ @ e ZS a'5 es
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where 'y, represents the vector with the observations of the trait h (h,= BW330, h,= BW385,

h,= BW440, h,= BW495 and h,= BW550); X, denotes the incidence matrix for fixed

effects; [)ih represents the vector of solutions for the fixed effects; Z,, denotes the incidence
matrix of random effects; E{h represents the vector of solutions for the genetic value of each
animal for the trait h; and e~h denotes the residual effect vector associated with each
observation of the trait h .

t
The following a priori distributions for the MTM were assumed: [/3’1/3’2.../5’5} ~

t
A.G, ~ N([00000],G, ® A and{elez...eg)} R, ~ N([00000] R, ®1,, ),

t
constant, [a1 a, ...aS}

where G, represents the matrix of additive genetic (co)variances among the traits; ® denotes

the direct product operator among the matrices; and R, represents the matrix of residual

-, _
Cl aa, s
2
(co)variances among the traits, such that G,=| ** * %% | and
2
2435 3,35 O-as |
e, Oee, 7 Ogp
_| Oepe, O-ez2 o O . T )
Re=| — " |. Inverse Wishart distributions were assumed for the covariance
2
_0-9195 Uezes O-es |

matrices (5 x 5) GO(G0 ~ IW(Zi,na)) and RO(R0 ~ IW(Zi,ne)), where Y2, X2, n_ and n,
represent the hyperparameters of the inverted Wishart distributions.

The analyses using the RRM considered data without standardization. The RRM can

7 7

7
be represented by Y = PGPj "‘Z(Ph (Ak )bh +Z¢h(Ak )aih +Z¢h(Ak)pih +€ij

h=1 h=1 h=1
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where y,, represents the weight of the animal i in the performance test j atage k; 7 denotes

the number of knots; @, (AK) represents the linear spline polynomial h that refers to age k ; b,

denotes the coefficient of regression that is associated with the polynomial h that fits the effect

of age k onweight; a, represents the coefficient of the additive genetic random regression h
for animal i; p, denotes the individual permanent environment random regression coefficient
h foranimal i; and e, represents the error associated with each observation.

The knots associated with the age effect were positioned at ages 250, 330, 385, 440,
495, 550 and 597 days. The inclusion of two extremes (250 and 597 days) was required to
delineate the entire age range with available weights.

To implement linear polynomial splines, the age of the animal (k) was transformed
into a covariate of the linear polynomial spline ((Dh(Ak)) Assuming h at the points

T,(h=1,...,n) and assuming that T, <t <T,,,, the (co)variables can be obtained in the knots h

and h+1 by the equations ¢, (t) = Tha =t a0 on ) =1- Tha =t , respectively. For other

h+1 ~ 'h h+1 — 'h

values outside the ranges delimited by T, and T,,,, we have ¢,(t)=0. Assuming that the

1 se h=k

observed value for the standard age corresponds to the fitted node, ¢, (T, )= {O se hzk
+*

In matrix form, the RRM can be described as y"= X" g"+Z"a"+W p"+e",

where y* represents the vector of observations; X~ denotes the incidence matrix of the

coefficients of the polynomials to model the fixed effects; g~ represents the vector with the

solutions for the fixed effects random regression coefficients; Z~ denotes the incidence matrix

of the polynomial coefficients to model the direct additive genetic effects; a” represents the
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vector with the solutions for the genetic regression coefficients; W™ denotes the incidence

matrix of the permanent environment effect; p~ represents the permanent environment effect;

and e:’ denotes the vector of residual effects. Asterisks serve to differentiate elements of the

random regression models from the other models.

For RRM, the following a priori assumptions were made: 8" ~constante,

a|AG-NO, G ® A) p

P, ~N(O,R,®1) and € |R"~N(O,R"). Inverse Wishart

distributions were assumed for the covariance matrices (7 x 7) G;(Gg ~ IW(ZZ* n*)),

a’'‘a

P (R ~ w(ZZ,n;

o p)) where Y2, Zf)*, n, and n:, represent the hyperparameters of these

distributions. We considered the heterogeneity of the residual variance with R=diag{c’},
where &7 is the residual variance for BW330, BW385, BW440, BW495 and BW550. The

residual variance corresponded to the sum of the permanent effect and the residual environment
effect. Information about a posteriori complete conditional distributions are provided in
Sorensen and Gianola (2002).

Samples of the complete conditional distributions of the covariance components of the
models of interest were obtained by Gibbs sampler. The analyses were performed with
GIBBS3F90 program (Misztal et al., 2015). Chains of 410,000 samples were considered,
10,000 samples were discarded, and samples of covariance components values were obtained
every 200 cycles. The chain size was defined in preliminary analyses according to the method
of Raftery and Lewis (1992) and by visual inspection of the values sampled at each interaction,
obtained by the BOA package (Smith, 2005) of the software R (R Development Core Team,
2015). The convergence diagnoses were performed using the criteria proposed by Geweke

(1992) and Heidelberger and Welch (1983).
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In case of the analyses with data from the files formed with random sampling, the
samples of a posteriori distributions of each analysis were grouped to ensure that the estimates

of the genetic parameters for the files RS85 and RS70 were obtained from 20,000 samples.

3.3. Results

The additive, residual and phenotypic variance and heritability estimated by STM,
MTM and RRM for body weight measured in different ages using DB100 (Figure 1) were
similar; since the highest density interval with 95% of samples of each genetic parameters
estimated with the three models overlapped. Generally, the additive and residual variance
increased between BW330 and the last two ages (BW440 and BW550) in the three studied
models (Figure 1). Once the variances have increased proportionally, the heritability remained
constant over the ages, with an approximate value of 0.40, regardless of the model used for its
estimation (Figure 1). Still, an increase in the value of phenotypic variance estimate for the
evaluated ages was observed. These estimates did not differ between BW330 and BW385 and

started to increase significantly in BW440, up until BW550 (Figure 1).
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Figure 1. Posterior means of the genetic variance (o?), residual variance (o), phenotypic
variance (0;) and heritability (h?) for body weight at 330, 385, 440, 495 and 550 days

(BW330, BW385, BW440, BW495 and BW550, respectively) in complete database for the
single trait model (STM), multi-trait model (MTM) and random regression model with linear
spline polynomials (RRM), respectively. The bars represent the highest posterior density

interval with 95% of samples.
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The behavior of genetic parameters when practicing selective recording was evaluated
through the comparison between its estimates in DB100, DB85 and DB70. These comparisons
were made in the three different models separately. Estimates obtained by each model and for
each age with highest density interval with 95% of samples that overlapped were considered
the same. The additive genetic variances estimates differed between the databases only when

estimated by STM (Figure 2). At this point, the estimates for DB100 were higher than the
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estimates for DB70 for BW495 and BW550. Still, in STM, the residual and phenotypic
variances estimates of body weight with DB85 and DB70 were always lower than those
obtained with DB100 (Figure 2). The heritabilities estimates obtained by STM differed between
the databases. For BW385, the estimates obtained for DB85 and DB70 were higher than those
obtained for DB100 (Figure 2). For BW440, this estimate differed only between DB100 and
DB85, being higher in DB85. In contrast, for BW495 and BW550 the heritabilities estimates
were lower for DB70 than for DB100 when estimated by STM (Figure 2). Comparing DB70
with DB85, there was decrease in genetic variance, phenotypic variance and heritability and

increase in residual variance when the estimates were obtained by STM.
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Figure 2. Posterior means of the genetic variance (o?), residual variance (o), phenotypic
variance (af)) and heritability (h?) for body weight at 330, 385, 440, 495 and 550 days

(BW330, BW385, BW440, BW495 and BWH550, respectively) in the complete database
(DB100) and the database with records of 85% heavier animals and 70% heavier animals after
selective sampling (DB85 and DB70, respectively) for the single trait model (STM). The bars

represent the highest posterior density interval with 95% of samples.
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The estimates of additive genetic and residual variances and heritabilities, when
estimated by MTM and RRM did not differ between DB100, DB85 and DB70 over the ages
(Figure 3). Phenotypic variance estimates, however, differed between the three databases at
different ages. When estimated by MTM, phenotypic variances estimates were higher in DB100

than in DB85 and DB70 for BW550 (Figure 3). When estimated by RRM, two behaviors were
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observed. For BW440, phenotypic variance estimates were lower in DB100 than in DB70 and,
in contrast, for BW495 these estimates were higher in DB100 than in DB70 (Figure 3).The
random reduction of the size of the database (DB100, RS85 and RS70) evaluated by STM did

not cause changes in the estimates of the genetic parameters (Figure 4).
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Figure 3. Posterior means of the genetic variance (?), residual variance (o), phenotypic
variance (af)) and heritability (h?) for body weight at 330, 385, 440, 495 and 550 days

(BW330, BW385, BW440, BW495 and BWH550, respectively) in the complete database
(DB100) and the database with records of 85% heavier animals and 70% heavier animals after
selective sampling (DB85 and DB70, respectively) for the multi-trait model (MTM) and
random regression model with linear spline polynomials (RRM), respectively. The bars

represent the highest posterior density interval with 95% of samples.
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Figure 4. Posterior means of the genetic variance (o?), residual variance (o), phenotypic
variance (0;) and heritability (h?) for body weight at 330, 385, 440, 495 and 550 days

(BW330, BW385, BW440, BW495 and BWH550, respectively) in the complete database
(DB100) and the database with records of 85% of animals and 70% of animals after random
sampling (RS85 and RS70, respectively) for the single trait model (STM). The bars represent

the highest posterior density interval with 95% of samples.
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The correlations among the weights at different ages were high and were not
influenced by the statistical model when estimated from DB100 (Table 2), DB85 (Table 3) and
DB70 (Table 4). Furthermore, these estimates did not differ when comparing the same ages for
DB100, DB85 and DB70. Generally, correlations between more distant ages are smaller than

ages closer to each other (Tables 2, 3 and 4). The residual correlations were obtained from the
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sum of the (co)variances of the permanent environment and residual variances when the RRM

was used.

Table 2. Posterior means (and highest posterior density interval with 95% of samples) of the

genetic, residual and phenotypic correlations, in complete database (DB100), in the multi-trait

model (above diagonal) and random regression model with linear spline polynomials

(below diagonal)

Trait! BW330 BW385 BW440 BW495 BW550
Genetic correlations
BW330 - 0.99 0.94 0.90 0.86
(0.98; 0.99) (0.92; 0.96) (0.87; 0.93) (0.82; 0.90)
BW385 0.98 - 0.98 0.95 0.92
(0.97; 0.99) (0.97; 0.99) (0.94; 0.97) (0.89; 0.94)
BW440 0.89 0.95 - 0.98 0.96
(0.85; 0.93) (0.93; 0.97) (0.98; 0.99) (0.95; 0.98)
BW495 0.86 0.93 0.97 - 0.99
(0.81; 0.90) (0.91; 0.96) (0.96; 0.98) (0.98; 0.99)
BW550 0.78 0.87 0.94 0.98 -
(0.72; 0.84) (0.83; 0.91) (0.91; 0.97) (0.96; 0.99)
Residual correlations
BW330 - 0.89 0.78 0.73 0.71
(0.87; 0.90) (0.75; 0.80) (0.70; 0.76) (0.67; 0.74)
BW385 0.84 - 0.84 0.79 0.77
(0.82; 0.86) (0.82; 0.85) (0.77; 0.81) (0.74; 0.79)
BW440 0.71 0.81 - 0.84 0.82
(0.68; 0.74) (0.79; 0.83) (0.82; 0.85) (0.81;0.84)
BW495 0.71 0.79 0.82 - 0.85
(0.67; 0.74) (0.77;0.82) (0.80; 0.84) (0.83; 0.86)
BW550 0.68 0.76 0.80 0.87 -
(0.63; 0.74) (0.72; 0.81) (0.75; 0.85) (0.83; 0.92)
Phenotypic correlations
BW330 - 0.93 0.84 0.80 0.77
(0.92; 0.93) (0.84; 0.85) (0.80; 0.81) (0.77;0.78)
BW385 0.90 - 0.90 0.86 0.83
(0.89; 0.90) (0.89; 0.90) (0.85; 0.86) (0.82; 0.84)
BW440 0.78 0.87 - 0.90 0.88
(0.77;0.79) (0.86; 0.87) (0.90; 0.90) (0.88; 0.89)
BW495 0.77 0.85 0.88 - 0.91
(0.76; 0.78) (0.84; 0.86) (0.88; 0.89) (0.90; 0.91)
BW550 0.72 0.81 0.86 0.92 -
(0.70; 0.75) (0.79; 0.83) (0.83; 0.88) (0.90; 0.94)
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Table 3. Posterior means (and highest posterior density interval with 90% of samples) of the
genetic, residual and phenotypic correlations, in database with records of 85% heavier animals

after selective sampling (DB85) for the multi-trait model (above diagonal) and random

regression model with linear spline polynomial (below diagonal)

. BW330 BW385 BW440 BW495 BW550
Trait - -
Genetic correlations
BW330 - 0.98 0.94 0.91 0.89
(0.98; 0.99) (0.92; 0.97) (0.88; 0.95) (0.83; 0.93)
BW385 0.97 - 0.98 0.96 0.94
(0.96; 0.98) (0.98; 0.99) (0.94; 0.98) (0.91; 0.96)
BW440 0.86 0.94 - 0.99 0.97
(0.81; 0.90) (0.92; 0.96) (0.98; 0.99) (0.95; 0.98)
BW495 0.87 0.95 0.97 - 0.99
(0.84; 0.92) (0.93; 0.97) (0.94; 0.99) (0.98; 0.99)
BW550 0.81 0.91 0.94 0.98 -
(0.75; 0.87) (0.88; 0.94) (0.91; 0.97) (0.96; 0.99)
Residual correlations
BW330 - 0.89 0.78 0.74 0.71
(0.88; 0.90) (0.76; 0.81) (0.70; 0.77) (0.67;0.74)
BW385 0.85 - 0.84 0.79 0.76
(0.84; 0.87) (0.83; 0.86) (0.76; 0.81) (0.73; 0.79)
BW440 0.73 0.82 - 0.84 0.82
(0.69; 0.76) (0.79; 0.84) (0.82; 0.86) (0.80; 0.85)
BW495 0.70 0.78 0.80 - 0.85
(0.67; 0.73) (0.75; 0.80) (0.77; 0.82) (0.84; 0.87)
BW550 0.64 0.71 0.75 0.82 -
(0.57; 0.70) (0.65; 0.77) (0.69; 0.81) (0.76; 0.88)
Phenotypic correlations
BW330 - 0.93 0.85 0.81 0.78
(0.93; 0.93) (0.84; 0.86) (0.80; 0.82) (0.77;0.79)
BW385 0.90 - 0.90 0.86 0.83
(0.90; 0.91) (0.90; 0.91) (0.86; 0.87) (0.82; 0.84)
BW440 0.78 0.87 - 0.90 0.89
(0.77; 0.80) (0.86; 0.88) (0.90; 0.91) (0.88; 0.89)
BW495 0.77 0.85 0.87 0.91
(0.76; 0.79) (0.84; 0.86) (0.86; 0.88) (0.91; 0.92)
BW550 0.71 0.80 0.84 0.89 -
(0.68; 0.74) (0.77; 0.83) (0.80; 0.87) (0.86; 0.92)
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Table 4. Posterior means (and highest posterior density interval with 90% of samples) of the
genetic, residual and phenotypic correlations, in database with records of 70% heavier animals
after selective sampling (DB70) for the multi-trait model (above diagonal) and and random

regression model with linear spline polynomial (below diagonal)

. BW330 BW385 BW440 BW495 BW550
Trait - -
Genetic correlations
BW330 - 0.99 0.93 0.92 0.89
(0.98;0.99) (0.90;0.96) (0.87;0.96) (0.84;0.94)
BW385 0.98 - 0.97 0.96 0.93
(0.96; 0.99) (0.96; 0.99) (0.93;0.98)  (0.90; 0.97)
BW440 0.88 0.96 - 0.99 0.97
(0.83; 0.93) (0.93; 0.98) (0.98;0.99)  (0.95; 0.99)
BW495 0.89 0.94 0.97 - 0.99
(0.83; 0.94) (0.91;0.97)  (0.94; 0.98) (0.98; 0.99)
BW550 0.84 0.90 0.96 0.97 -
(0.77; 0.90) (0.85;0.95)  (0.93;0.98)  (0.95; 0.99)
Residual correlations
BW330 - 0.89 0.79 0.73 0.70
(0.88; 0.90) (0.76;0.82)  (0.69;0.76)  (0.65; 0.74)
BW385 0.86 - 0.85 0.78 0.75
(0.84; 0.87) (0.84;0.87) (0.75;0.81) (0.72;0.79)
BW440 0.73 0.83 - 0.83 0.79
(0.70; 0.77) (0.80; 0.85) (0.81;0.85) (0.76; 0.82)
BW495 0.70 0.78 0.80 - 0.84
(0.66; 0.74) (0.76;0.81)  (0.77;0.83) (0.82; 0.87)
BW550 0.64 0.73 0.76 0.79 -
(0.54; 0.73) (0.63;0.82) (0.67;0.86) (0.69; 0.88)
Phenotypic correlations
BW330 - 0.93 0.85 0.81 0.78
(0.93;0.93) (0.84;0.86) (0.80;0.82) (0.76;0.79)
BW385 0.90 - 0.90 0.86 0.83
(0.90; 0.91) (0.90;0.91) (0.85;0.87) (0.82;0.84)
BW440 0.80 0.88 - 0.90 0.87
(0.78; 0.81) (0.87; 0.89) (0.89;0.91) (0.86;0.88)
BW495 0.78 0.85 0.87 - 0.91
(0.76; 0.79) (0.84;0.86)  (0.86;0.88) (0.90; 0.91)
BW550 0.72 0.80 0.85 0.87 -
(0.68; 0.78) (0.75;0.85)  (0.80;0.90) (0.81;0.92)
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3.4. Discussion

Sequential selection has an impact on genetic parameter estimates as can be seen when
evaluating DB70 and DB85 using the STM model. However, MTM and RRM can help us deal
with this situation.

The similarity between the additive genetic variance estimates and other genetic
parameters obtained by the STM, MTM and RRM without selective recording (Figure 1) was
also verified by Bohmanova et al. (2005). These authors performed a simulation study for
genetic evaluation of growth traits in cattle and emphasized that the genetic parameters obtained
by the MTM and RRM are equivalent when the records occur in standardized points. Similar
to this study, the genetic parameters estimates obtained by STM, MTM and RRM did not differ.
Thus, in situations where selective recording will not be practiced, the selection of the adequate
model to process a genetic evaluation should be based on complementary aspects, such as an
interest in the estimates of correlation between the evaluated traits and the facility of the
analysis. For situations in which a researcher has an urgent need to know the components of the
variance and genetic parameters from the analysis, the STM is recommended due to its
mathematical and computational facility (Sarmento et al., 2006).

Due to the differences observed in the genetic parameters obtained by the STM in the
DB85 and DB70 in relation to DB100 (Figure 2), the use of this model is not recommended for
data analyses of selective recording herds. The differences in the genetic parameters estimates
obtained by the STM are probably due to the exclusion of pre-selected records (Meyer, 1995;
Kaps et al., 1999; Mercadante et al., 2004; Boligon et al., 2009; Pedrosa et al., 2014), the
exclusion of covariances in the analysis (Walter and Mao, 1985) and the exclusion of other
information about the herd, such as weight at different ages (Pollak et al., 1984; Schaeffer et

al., 1998; Boligon et al., 2009).
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Differences in the estimates of additive genetic variance obtained by the STM in
relation to the MTM and RRM in use of selective recording were observed (Figure 2 and 3).
These results corroborate the findings of Mercadante et al. (2004) and Boligon et al. (2009),
who obtained lower values of genetic additive variance for weight in analyses that employed
the STM relative to the MTM.

Lower residual variance values obtained by the STM relative to the MTM were
obtained in this study (Figure 2 and 3). Differences in the estimates of residual variance
obtained in selective recording databases by the STM relative to the MTM were also obtained
by Boligon et al. (2009) and Mashiloane et al. (2009). However, these authors attained higher
values of residual variance obtained by the STM relative to the MTM. The selective data
recording that was performed in this study generated a data structure for an analysis that differed
from the data structure analyzed by these authors, which may explain the observed differences.

The selective recording, which is based on the phenotypic value, may favor the
discarding of individuals from the same family, causing a reduction in the additive genetic
variance. This fact, combined with the observed reduction of the residual variance estimates,
caused a reduction of the phenotypic variance for DB85 and DB70 relative to DB100 when
estimated by the STM for all evaluated ages (Figure 2). Differences in the phenotypic variance
values were also observed when the STM was employed in relation to the MTM and RRM,
which corroborates the results obtained by Boligon et al. (2009). However, these authors
reported higher phenotypic variances when the STM was employed in relation to the MTM due
to the significant increase in the residual variance for the STM, which differed from the residual
variance observed in this study. The influence of selection on genetic parameters estimates, and
consequently, the prediction of the genetic values of the animals, were demonstrated by

Dickerson and Hazel (1944), Long et al. (1991), Schaeffer et al. (1998) and Kaps et al. (1999).
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These authors emphasized the importance of the adequacy of the statistical models for the
correct estimation and prediction of the genetic parameters.

The increase in the heritability obtained for BW385 observed in DB85 and DB70 in
relation to DB100 by STM (Figure 2) can be explained by the reduction in the values of residual
variance in relation to increase in the values of additive genetic variance . From this age, the
difference between the residual variance and the additive genetic values decreased, and a
consequent reduction in heritability was observed for the model in question.

The results obtained in this study corroborate those from Meyer (1995), Kaps et al.
(1999), Mercadante et al. (2004), Sarmento et al. (2006) and Pedrosa et al. (2014), who
obtained higher estimates of genetic parameters for post-weaning growth traits in beef cattle
using the MTM than the estimates obtained by the MTS with MTM. These results are attributed
to the inclusion of traits measured prior to the selection in the analysis. Unlike the previously
mentioned studies, this study also evaluated whether different percentages of selected
individuals imply alterations in the differences among the genetic parameters estimates. The
reduction in the additive, phenotypic genetic variances and heritability and the increase in the
residual variance for DB70 in relation to DB85 when using the STM (Figure 2) indicate that
the reduction in the percentage of selectively recorded data differently influences the estimates
of the genetic parameters evaluated by this model.

The analysis of the data obtained by random sampling (RS85 and RS70) was
performed to determine whether the differences in the genetic parameter estimates obtained
using the STM were attributed to the selective recording or the reduction of the number of
individuals in the data file. The results demonstrate that the reduction in the number of data
from the file did not cause changes in the components of variance and heritability obtained via
STM, therefore the difference found in the genetic parameters evaluated can be attributed to the

sequential selection. Similarly, changes in the estimates of the genetic parameters caused by
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restructures in the population, such as population reduction, were not verified by Van Tassel et
al. (1995) and Nobre et al. (2003a). Thus, all differences in the genetic parameters among
DB100, DB85 and DB70 were attributed to the selective recording when estimated by STM.

The effect of sequential selective recording on genetic parameters estimates can be
mitigated by the inclusion of pre-selection records in the analysis (Bulmer, 1971; Pollak et al.,
1984; Henderson, 1986; Thompson and Meyer, 1986). In this study, the body weight records
were measured at 330 days of age (BW330), at which time the selective recording process had
not begun, which may have contributed to the suitability of the MTM for this type of evaluation.
Multi-trait analyses of growth traits in bulls, which differed only by the inclusion or not of the
body weight of animals discarded at weaning, were performed by Pollak et al. (1984). The
authors verified the presence of bias in the evaluations in which no data of the discarded animals
were employed due to the selection at weaning. The adequacy of the MTM for the analysis of
the files with selective recording was favored due to the correlations between the traits in the
analyses and the consideration of the missing values caused by the sequential selective
recording (Meyer, 1995; Kaps et al., 1999).

In genetic evaluations in which the correlation estimates are desired (Walter and Mao,
1985) and more than one selection criterion is simultaneously involved (Schaeffer, 1984),
MTM and RRM are suitable alternatives to the STM. However, when assessing longitudinal
traits, the MTM requires adjustment of the data for ages previously established as standards,
which can cause the discarding of large numbers of records and consequent differences in the
estimates of variances and genetic parameters (Nobre et al., 2003b). Due to the excellent data
structure in this study, no differences in the means of the parameters obtained by the MTM with
standardization of weight for the ages at 330, 385, 440, 495 and 550 days were observed relative

to the RRM (Figure 3).
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The RRM does not require data adjustment and enables estimates of genetic
parameters to be obtained at any age within the assessed range (Nobre et al., 2003a; b; Sousa
Junior et al., 2010). In this study, the inclusion of knots at the ages that comprised the limit of
the age range, in which weight records were observed in the data file, prevented the loss of data
during the analysis by this model.

The estimates of the genetic parameters for weight at each age obtained by the RRM
for the DB85 and DB70 files were similar to the estimates of the genetic parameters for weight
at each age for the complete file (Figure 3), which suggests the adequacy of this model for
analyses of herds that practice selective data recording. Thus, the RRM becomes an alternative
to the MTM since different solutions for each age of weighing and solutions for the different
classes of residual variances are obtained. In addition, the use of linear polynomial splines
guarantees the direct acquisition of the parameters and genetic values for each point of selection
where the knot was fitted (Meyer, 2004). The use of these polynomials enables the inclusion of
all weights analyzed at different ages without prior adjustment, which reduces the loss of
information (Pedrosa et al., 2014).

These results corroborate those obtained by Sousa Janior et al. (2010), who compared
the multi-trait model and random regression and obtained similar additive genetic variance
estimates for both models. However, Nobre et al. (2003b) analyzed two data files, including
complete records and incomplete data, by the multi-trait model and random regression with
Legendre polynomials and observed differences in the estimates of variances and heritability
among the evaluated files. The authors stated that random regression may be imprecise due to
several factors, such as the size of the data set, the type of model in the analysis and the applied
methodologies. The adequate size and consistency of data used in this study, the use of linear
polynomial splines and the inclusion of knots at the extremities of the analyzed data enabled

the RRM adequacy for the analysis of the herds that practiced selective recording.
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The similarity in the genetic, residual and phenotypic correlations between the MTM
and RRM for DB100, DB85 and DB70 (Tables 2, 3 and 4) suggests the suitability of both
models for the computation of these estimates in the presence or absence of selective data
recording. The high values obtained for this estimate suggest that the selection for weight at
any age is capable of causing genetic changes in the weights at all analyzed ages. These results
are consistent with the results obtained by Boligon et al. (2009), who evaluated the correlation
among weights at birth, weaning, and two, three and five years of age for the genetic values
estimated using the MTM for Nellore cattle.

Thus, we were able to verify that the use of STM can compromise the precision of the
estimates of the variance components for herds that practice selective recording and that the
MTM and RRM are the most appropriate models for the analysis of this type of data because
they consider the correlation among the traits and enable the inclusion of the anchor trait in the
analysis. The use of the RRM can simplify the genetic evaluation of longitudinal traits, as this
model eliminates the need for standardizes data, directly provides the solutions of the
parameters and genetic values for the fitted knots and guarantees the use of records that can be

eliminated during standardization.

3.5. Conclusions

The multi-trait model and random regression model with linear spline polynomials are
suitable for the genetic evaluation of longitudinal data in herds when selective data recording
is employed. The inadequacy of single trait model for herds practicing sequential selection is

due to selection and not the change of structure in the data file.
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4.0. IMPLICATIONS

The results of this study will enhance the understanding of the behavior of genetic
parameters of a longitudinal trait under selective data recording and the absence of influence of
this recording in the selection process for other traits. This influence can mask what could occur
with the genetic additive, residual and phenotypic variances and heritabilities for each trait
separately. Thus, the multi-trait model (MTM) and random regression model with linear spline
polynomials (RRM) enable accurate genetic evaluations and the identification of the animals

that offer superior breeding value for a certain trait.
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