
Proceedings of the World Congress on Genetics Applied to Livestock Production,
11.1

Structural growth curve model

A. Onogi1, A. Ogino2, A. Sato3, K. Kurogi2, T. Yasumori3, & K. Togashi2

1Department of Agricultural and Environmental Biology, Graduate School of Agricultural and
Life Sciences, The University of Tokyo, 1-1-1,Yayoi, Bunkyo-ku, Tokyo, Japan
onogiakio@gmail.com (Corresponding Author)
2Maebashi Institute of Animal Science, Livestock Improvement Association of Japan, Inc.,
Maebashi 371-0121, Japan.
3Cattle Breeding Department, Livestock Improvement Association of Japan, Inc., Tokyo 135-
0041, Japan.

Summary

Growth curves have been widely used in animal breeding to obtain insights into species
growth; however, by fitting growth curves, causal influence of phenotypes at birth resulting
from maternal effects cannot be considered. Moreover, there might be other factors that affect
phenotypes at the beginning of the growth curves and thus, have a causal influence on
subsequent growth. For example, in beef cattle production in Japan, calves are usually
reproduced on farms that specialize in reproduction and are then introduced to other farms for
fattening. Thus, growth while at the reproductive farms can have a causal influence on the
growth during fattening. To infer the causal influence and remove this from growth curve
analysis, we developed a structural growth curve model that combines a structural equation
with the growth curve model. The model has a hierarchical structure and all parameters,
including causal influence, growth curve parameters, and fixed and additive genetic effects on
the growth curve parameters, are simultaneously inferred in a Bayesian framework. We fitted
this model to longitudinal weight data on a Japanese beef population and revealed that the
causal influence from the maternal effect and reproductive farms disappeared 700.0 d after
the start of the fattening period. The genetic parameters and breeding values obtained on the
growth curve parameters are expected to represent the genetic aspect of the growth of beef
cattle more accurately than those obtained from standard growth curve analyses.
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Introduction

Fitting growth curves to longitudinal phenotypic data has been conducted throughout animal
and plant breeding to obtain genetic insights on species growth. Research on growth curves
has a long history and various curves have been proposed, including logistic, Richards,
Gompertz, von Bertalanffy, and Brody curves.

A drawback of fitting growth curves to animal longitudinal data is that it does not
consider the causal influence of maternal effects on subsequent growth. Moreover, depending
on reproduction systems, there could be other factors that influence the phenotypes at the
starting time point of the growth curves and thus, affect subsequent growth stages. For
example, in beef cattle production in Japan, calves are usually reproduced at farms that
specialize in reproduction and are then introduced to other farms for fattening. Thus, the
growth at the reproductive farms can have a causal influence on the subsequent growth during
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fattening and can disturb longitudinal genetic analysis.
To resolve this issue, we developed a growth curve model that considers the causal

influence on the phenotypes at the starting point, which is referred to as a structural growth
curve model. This model was developed by combining a structural equation for causality
inference with growth curves. We fitted this model to real data on a beef cattle population in
Japan.

Materials and Methods

Structural growth curve model

Suppose that the phenotypes of a trait of interest are chronologically measured for time t = 0,
1,..., T, and that the phenotypic values at t = 0 have a causal influence on the phenotypes at a
subsequent time. A structural growth curve model is written as, for individual i,

where Yi,0 and Yi,t are the phenotypic values at time 0 and t, respectively; xi,0 is the vector of
covariates; β0 is the fixed effects; ui,0 is the additive genetic effects; vj,i is a random effect,
such as the maternal effect; ei,0 and ei,t are the residuals; λ(t) is the magnitude of causal
influence of Yi,0; and f is the function of the growth curve with parameters Ai, Bi, and Ki. In
this study, the Gompertz function is used to represent the growth curve as follows:
.
Herein Ai represents the asymptotic value at t = ∞, Bi is a scaling parameter shifting the
curves back and forth, and Ki represents the maximum growth speed (i.e., maturing rate).

The growth curve parameters Ai, Bi, and Ki have a hierarchical structure,

Where, xi is the covariates; βA, βB, and βK are the fixed effects; ui,A, ui,B, and ui,K are the
additive genetic effects; and ei,A, ei, K, and ei,B are the residuals. The additive genetic effects,
uA = [ui,A], uB = [ui,B], uK = [ui,K], and u0 = [ui,0] for i = 1, …, N follow a multivariate normal
distribution as follows:

Where, is the 4 4 genetic covariance, ○ represents the Kronecker product, and Au is the
additive relationship matrix. The random effect vj = [vj,i] for i = 1, …, N follows a
multivariate normal distribution as follows:

Where, is the variance component and AVj is the covariance matrix among individuals, which
can be the additive genetic relationship matrix or identity matrix. Residuals are assumed to
follow normal distributions as follows:
,
, and
.

The function λ(t) was modeled using B-spline as in Onogi A., et al. (2016); that is

Where, Np is the number of splines, Pj is the weight of the jth spline, and Sj (t) indicates the
cubic spline. In this study, we set Np to eight. Following the derivation of the likelihood of
structural equation modeling in Gianola and Sorensen (2006), the likelihood of the structural
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growth curve model can be written as,

Parameter estimation

Parameters were estimated with a Markov chain Monte Carlo (MCMC) method. The previous
distributions of fixed effects were assumed to be proportional to constant values. For , , , and ,
a non-informative scaled inverse chi-squared distribution, , was applied. For Σu and Σe,
inverse Wishart distributions,
, and
were applied, respectively. For Pj, we assumed normal distributions,
,
, and
for j ≥ 2.
Gibbs sampling can be applied except for Ai, Bi, Ki, and Pj. The posterior distributions of β0,
βA, βB, and βK are normal and that of vj is a multivariate normal. The posterior distribution of
uA, uB, uK, and u0 is also a multivariate normal. The posterior distributions of βA, βB, βK, uA,
uB, and uK can be derived by regarding the growth curve parameters (Ai, Bi, and Ki) as
response variables. The posterior distributions of , , , and are scaled inverse chi-squared
distributions, and those of Σu and Σe are inverse Wishart distributions. The derivation of these
posterior distributions can be found in Sorensen and Gianola (2002). The posterior
distributions of Ai, Bi, Ki, and Pj are not closed forms and thus, Metropolis–Hastings sampling
was applied. We adopted a random walk algorithm.

Data descriptions

Weight records of Japanese black cattle, a major beef cattle breed in Japan, were measured in
the progeny-testing program conducted by the Livestock Improvement Association of Japan,
Inc. The data comprised 1,600 heifers and 2,231 steers. The birth years ranged from 2006 to
2013, and the cattle were slaughtered at 886.8 ± 46.7 d on average. These animals were fed at
three experimental farms. Each animal had 4.4 ± 0.7 weight records. They were introduced
from 1,845 reproductive farms to the three experimental farms. The ages at introduction were
236.0 ± 39.0 d. For each animal, the day of introduction was set as the starting point (t = 0).
Distributions of weight records are shown in Fig. 1. In this study, xi,0 includes sex, birth year,
birth season (winter, spring, summer, and fall), and age. xi includes sex and experimental
farm. As vj, we added the maternal effect and the effect of the reproductive farms. The
additive genetic relationship matrix was made using pedigree records tracing back five
generations (the number of animals was 24,284).

Results and Discussions

The estimated trajectory of the causal influence of Yi,0, λ(t) is shown in Fig. 2. λ(t) stayed at
approximately 0.5 for 200.0 d and then gradually decreased. The influence disappeared at
approximately t = 700.0, 180.0 d before slaughter. Thus, it is suggested that the weight at
introduction does not influence the weight at slaughter, and most likely the carcass weight.
Interestingly, λ(t) approaches approximately 0.7, and not 1.0, as t approaches 0, and becomes
negative after approximately 700.0 d. This result might occur because there were only a few
data points just after the starting points (only 133 animals had weight records within t < 30.0)
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and between 700.0 and 800.0 d (Fig. 1).
The estimates of genetic parameters on the growth curve parameters (A, B, and K) are

shown in Table 1. For each parameter, high heritability estimates were obtained. These
estimates were higher than the typical estimates of heritability for carcass weight in Japanese
Black cattle (e.g., 0.4 to 0.6 in Arakawa et al. 2009, Nogi et al. 2011, and Onogi et al. 2014),
but the cause is unclear. Genetic correlations between A and K and between B and K were
negative, and those between A and B were positive. These correlations suggest that slow
growth is genetically related to high weight.

Conclusions

By fitting the structural growth curve model to the weight data on beef cattle, the causal
influence on phenotypes at the starting point (day of introduction, in this case) could be
estimated. Because the obtained genetic parameters and breeding values are free from causal
influence, the estimates will reflect the genetic aspects of growth more accurately than those
obtained from standard growth curve analyses.

Table 1. Estimated heritability (diagonal), genetic correlation (lower triangular), and
residual correlation (upper triangular)1

A B K

A 0.94 (0.83, 0.99) 0.67 (0.35, 0.95) −0.79 (−0.97, −0.46)
B 0.76 (0.70, 0.79) 0.91 (0.80, 0.97) −0.57 (−0.89, −0.19)
K −0.82 (−0.86, −0.77) −0.82 (−0.86, −0.77) 0.88 (0.78, 0.97)
1 Posterior mean (95.0% highest posterior density interval)

Figure 1. Weight data on 3,831 beef cattle. Day 0 indicates the day of introduction to the
experimental farms.
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Figure 2. Estimated causal influence of weight at the starting point. The solid line indicates
the posterior mean and the broken lines indicate the 95.0% highest posterior density interval.
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