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SUMMARY

We aimed to estimate genetic parameters for the non-linear Gompertz growth curve parameters 
based on the two-step method and simulated data of a pig population. Data of true breeding values, 
growth curve parameters (a, b and k) and body weights at 1, 90, 210, 360 and 540 days of age 
were simulated for 1700 individuals. Afterwards, in the first stage of the two-step method, the Gompertz 
curves were fitted for each animal and the growth curve parameters were estimated. In the second 
step, considering the estimated parameters as phenotypes, animals’ breeding values were predicted by 
multitrait analyses. The simulation and two-step processes were replicated 10 times. For each replicate, 
the genetic parameters, accuracies and biases were calculated. Moderate to high average heritabilities 
for the curve parameters [0.62 (0.04), 0.56 (0.04) and 0.57 (0.04) for a, b and k, respectively] show 
the possibility of effective selection of animals based on these parameters. High and favorable average 
genetic correlations, especially between the most important growth curve parameters [a and k, 0.93 
(0.01)], shows that selection for increased mature weight (a) will also increase maturation rate (k). 
High average accuracies [0.84 (0.02), 0.82 (0.02) and 0.83 (0.02)] and low average biases [0.06 
(0.06), 0.06 (0.06) and 0.07 (0.07) for a, b, and k, respectively] indicate that the two-step approach 
is feasible for predicting breeding values for growth curve parameters and for dealing with longitudinal 
body weight measurements.
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Análise genética de curvas de crescimento de suínos: um estudo de simulação

resUmo

Objetivamos estimar parâmetros genéticos para os parâmetros da curva de crescimento não-linear 
de Gompertz com base no método em duas etapas e em dados simulados de uma população de suínos. 
Dados de valores genéticos reais, dos parâmetros da curva de crescimento (a, b e k) e dos pesos corporais 
aos 1, 90, 210, 360 e 540 dias de idade foram simulados para 1700 indivíduos. Posteriormente, na 
primeira etapa do método em duas etapas, as curvas de Gompertz foram ajustadas para cada animal e 
os parâmetros da curva de crescimento foram estimados. Na segunda etapa, considerando os parâmetros 
estimados como fenótipos, os valores genéticos dos animais foram preditos por análises multicaracterísticas. 
Os processos de simulação e de duas etapas foram replicados 10 vezes. Para cada réplica, os parâme-
tros genéticos, acurácias e vieses foram calculados. Herdabilidades médias moderadas a altas para os 
parâmetros da curva [0,62 (0,04), 0,56 (0,04) e 0,57 (0,04) para a, b e k, respectivamente] mostram a 
possibilidade de seleção eficaz de animais com base nesses parâmetros. Correlações genéticas médias 
altas e favoráveis, especialmente entre os parâmetros mais importantes da curva de crescimento [a e k, 
0,93 (0,01)], mostram que a seleção para o aumento do peso à maturidade (a) também aumentará a 
taxa de maturação (k). Acurácias médias altas [0,84 (0,02), 0,82 (0,02) e 0,83 (0,02)] e vieses médios 
baixos [0,06 (0,06), 0,06 (0,06) e 0,07 (0,07) para a, b e k, respectivamente] indicam que a abordagem 
em duas etapas é viável para predizer valores genéticos para os parâmetros da curva de crescimento e 
para trabalhar com medidas longitudinais de peso corporal.
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that must be made, mainly related to nutritional ma-
nagement and selection programs for growth traits.

According to Freitas (2005), growth curves in ani-
mal production relate the weights and ages of animals 
using, for example, non-linear models, and can be 
applied to i) summarize the growth traits in a few 
parameters of the non-linear model; ii) evaluate the 
profile of responses to treatments over time and iii) 
identify the best animals in a population. In general, 

INTRODUCTION

The profitability and success of pig production 
systems depend on the knowledge of animals’ body 
weight behavior over time, which can be achieved 
by analyzing the animals’ growth curves (Silva et al., 
2013). This knowledge allows evaluating the animals’ 
growth profile in the current production system (Silva 
et al., 2013) and the possibility of using alternative 
management systems, besides directing the decisions 
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non-linear models are fitted to predict the dependent 
variable (weight) for different values   of the inde-
pendent variable (ages). Besides the growth curve 
parameters that are directly obtained and present 
biological interpretation (such as mature weight and 
maturation rate), their genetic parameters (heritabi-
lities and genetic correlations) can be estimated and 
considered in animal breeding programs (Silva, 2008). 
Therefore, using the estimates of the non-linear mo-
dels parameters as phenotypes in genetic models, the 
animals breeding values (EBVs) for these parameters 
can be predicted and the breeding goals are achieved 
by changing the shape of the growth curves (Lázaro 
et al., 2017). 

In pigs, the Gompertz non-linear function (Gom-
pertz, 1825) has been used to accurately describe the 
potential growth of animals according to age (Wellock 
et al., 2004; Freitas, 2005; Koivula et al., 2008; Cai et al., 
2012; Coyne et al., 2017; Lázaro et al., 2017). Gompertz 
function requires the determination of three parame-
ters: mature body weight (a), the inflection point (b) 
and the maturation rate (k). With these parameters, 
it is possible to understand the biological growth-
related process across the growth trajectory (Cai et 
al., 2012).

In this context, we aimed to estimate the genetic 
parameters for the non-linear Gompertz growth curve 
parameters based on the traditional two-step method 
and simulated data of a pig population. 

MATERIAL AND METHODS

Data simulation was performed in R software (R 
Core Team, 2013), considering the following multitrait 
(3x3) linear model: 

w = Xβ + Zu + e  (I)

in which: w is the vector of simulated Gom-
pertz curve parameters (a, b and k); β is the vec-
tor of fixed effects (general mean); u is the vector of 
random true breeding values (TBV); e is the vector of 
random errors; and X and Z are the incidence matri-
ces of β and u, respectively. It was assumed that u ~ 
N (0, A ⊗ ∑u )  and e ~ N (0, I ⊗ ∑e), in which ⊗ is a 
direct product operation; ∑u and ∑e represent (co)
variance matrices for u and e, respectively; A is 
the average numerator relationship matrix; and I is 
an identity matrix.

The pedigree was simulated using the simul.pedi-
gree function of synbreed package (Wimmer et al., 
2012), considering 3 generations and 100 individuals 
per generation. The number of individuals in each 
full-sib family in the last generation was assumed as 
15, resulting in a total of 1700 animals. The A matrix 
was obtained based on the simulated pedigree using 
the makeA function of pedigree package (Coster, 2012). 
Afterwards, the u and e vectors were generated by the 
mvrnorm function of MASS package (Venables & Ri-
pley, 2002), considering the genetic and residual (co)
variance matrices (∑u and ∑e, respectively) from Cai et 
al. (2012) study, as follows:

Similarly, the β vector was generated based on a, 
b and k mean values from Cai et al. (2012). Finally, 

based on the simulated parameters of model (I), the 
growth curve parameters for each animal (ai, bi and 
ki) were generated. 

The next step in simulation process was to gener-
ate the body weights at 1, 90, 210, 360 and 540 days 
of age (Cai et al., 2012) for each pig. For that, the 
following Gompertz non-linear model was applied, 
considering the growth curve parameters (ai, bi and 
ki) simulated in the previous step:

yij= ai  exp {-exp[-(tj- bi) / ki ]}+ εij,

in which: yij is the vector of simulated body 
weights for animal i (i = 1, 2, …, n) measured on age 
tj (j = 1,2,… ); (j=1,2,...ri); εij is the residual term, assu-
med as εij ~N (0, σ2ε) and ai, bi and ki are as described 
before.

In this context, n is the total number of animals; 
ri is the is the number of repeated measures reported 
for animal i; and and σ2ε is the residual variance (as-
sumed as 3.92, according to Cai et al., 2012).

The two-step method was applied in the current 
study. In this analysis, growth curve parameters are 
estimated based on simulated body weight data of 
each animal in the first stage; and, in the second sta-
ge, these parameters estimates are used in the gene-
tic evaluation.  Therefore, considering the simula-
ted body weights at 1, 90, 210, 360 and 540 days of 
age, the Gompertz curves were fitted for each animal 
using the nlsList function of nlme package (Pinheiro 
et al., 2015) in the first stage. The estimated growth 
curve parameters for each animal i  were 
obtained from this first step and posteriorly used 
as dependent variables under a mixed model fra-
mework. In this sense, in the second step, EBVs were 
predicted and genetic parameters (heritabilities and 
genetic correlations) were estimated through multi-
trait analyses (3x3) in ASReml 3.0 software (Gilmour 
et al., 2009), considering  as observed phe-
notypes. The simulation and the respective two-step 
process proposed here were replicated 10 times.

The simulated TBVs and EBVs were used to esti-
mate the prediction accuracy and bias in each replica-
te. Accuracy was calculated as the Pearson correlation 
coefficient between TBVs and EBVs. The regression 
coefficients (β1 from linear regression of TBV over 
EBV were used to calculate the bias, which was defi-
ned as the deviation from β1 in terms of unity. Avera-
ges and standard deviations (SD) of accuracies, biases 
and genetic parameters were calculated considering 
the 10 replicates.
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RESULTS

Average heritability estimates for Gompertz 
growth curve parameters ranged from 0.56 (0.04) for 
b estimated parameter to 0.62 (0.04) for a estimated 
parameter. Average genetic correlations were of high 
magnitudes, ranging from 0.93 (0.01) to 0.97 (0.01) 
between a and k, and between a and b estimated pa-
rameters, respectively (Table I).

Average accuracies were of high magnitudes, ran-
ging from 0.82 (0.02) to 0.84 (0.02) for b and a estima-
ted parameters, respectively. Average biases were of 

low magnitudes, ranging from 0.06 (0.06) to 0.07 (0.07) 
for a and b, and k estimated parameters, respectively 
(Table II).

DISCUSSION

The growth of pigs and differences between indi-
viduals’ growth curves are controlled by genetic and 
other effects acting over time (Silva et al., 2017). The 
genetic analysis of growth curves allows ranking the 
animals based on their EBVs for the estimates of the 
growth curve parameters.

Table I. Genetic parameters for Gompertz growth curve parameters in each replicate, as well as averages 
and respective standard deviations of 10 replicates (Parâmetros genéticos para os parâmetros da curva de crescimento de 
Gompertz em cada réplica, bem como médias e respectivos desvios-padrão das 10 réplicas).

 Heritability Genetic correlation

Replicate ha
2 hb

2 hk
2 rg rg rg

1 0.59 ± 0.07 0.51 ± 0.07 0.51 ± 0.07 0.98 ± 0.01 0.93 ± 0.02 0.95 ± 0.01

2 0.63 ± 0.06 0.58 ± 0.06 0.61 ± 0.06 0.96 ± 0.01 0.92 ± 0.02 0.95 ± 0.01

3 0.62 ± 0.06 0.58 ± 0.06 0.61 ± 0.06 0.97 ± 0.01 0.94 ± 0.01 0.96 ± 0.01

4 0.68 ± 0.06 0.60 ± 0.06 0.55 ± 0.06 0.97 ± 0.01 0.94 ± 0.01 0.95 ± 0.01

5 0.64 ± 0.06 0.59 ± 0.06 0.59 ± 0.06 0.98 ± 0.01 0.95 ± 0.01 0.96 ± 0.01

6 0.58 ± 0.06 0.54 ± 0.06 0.57 ± 0.06 0.97 ± 0.01 0.93 ± 0.02 0.95 ± 0.01

7 0.70 ± 0.05 0.62 ± 0.06 0.61 ± 0.06 0.97 ± 0.01 0.96 ± 0.01 0.97 ± 0.01

8 0.64 ± 0.06 0.55 ± 0.06 0.61 ± 0.06 0.96 ± 0.01 0.93 ± 0.01 0.96 ± 0.01

9 0.58 ± 0.06 0.54 ± 0.06 0.53 ± 0.07 0.95 ± 0.01 0.91 ± 0.02 0.96 ± 0.01

10 0.58 ± 0.06 0.50 ± 0.06 0.55 ± 0.06 0.97 ± 0.01 0.94 ± 0.01 0.96 ± 0.01

Average (SD) 0.62 (0.04) 0.56 (0.04) 0.57 (0.04) 0.97 (0.01) 0.93 (0.01) 0.96 (0.01)

ha
2: heritability for a estimated parameter (mature body weight); hb

2 : heritability for b estimated parameter (inflection point); hk
2: heritability 

for k estimated parameter (maturation rate); rg : genetic correlation between a and b estimated parameters;rg : genetic correla-
tion between a and k estimated parameters;rg  : genetic correlation between b and k estimated parameters; SD: standard deviation. 

Table II. Accuracy and bias provided by each replicate, as well as averages and respective standard devia-
tions based on these samples (Acurácia e viés fornecidos por cada réplica, bem como médias e respectivos desvios-padrão 
baseados nessas amostras).

 Accuracy Bias

Parameters Parameters 

Replicates a b k a b k

1 0.82 0.81 0.80 -0.09 -0.11 -0.13

2 0.85 0.84 0.84 -0.06 -0.06 -0.03

3 0.85 0.84 0.85 -0.08 -0.06 -0.05

4 0.83 0.81 0.80 -0.01 -0.01 -0.08

5 0.83 0.81 0.82 0.00 0.01 -0.02

6 0.83 0.82 0.83 -0.08 -0.06 -0.05

7 0.87 0.84 0.84 -0.02 -0.04 -0.05

8 0.82 0.79 0.81 0.00 -0.03 0.00

9 0.84 0.83 0.83 -0.19 -0.19 -0.25

10 0.85 0.82 0.83 -0.09 -0.10 -0.07

Average (SD) 0.84 (0.02) 0.82 (0.02) 0.83 (0.02) 0.06 (0.06) 0.06 (0.06) 0.07 (0.07)

a: estimated mature body weight; b: estimated inflection point; k:estimated maturation rate; SD: standard deviation.
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efficient for the genetic evaluation of repeated growth 
measurements. In pig breeding programs, longitudinal 
measurements of individual body weights for group-
housed pigs from electronic feeders are becoming in-
creasingly available and important for development of 
efficient pig breeding strategies (Cai et al., 2012). The 
present study, based on simulated data, shows an effi-
cient way to deal with these longitudinal data though 
the fit of a non-linear model and the application of the 
two-step approach. In addition, it endorses the impor-
tance of the knowledge of genetic parameters for the 
growth curve parameters, since these estimates will 
directly influence the efficiency of the selection pro-
gram, especially when they present moderate to high 
magnitudes, as found in the present study. 

CONCLUSIONS

The two-step procedure was able to retrieve the 
simulated genetic parameters, resulting in heritabili-
ties and genetic correlations similar to the simulated 
ones. Moderate to high heritability estimates show 
the possibility of effective selection of pigs based on 
growth curve parameters. In addition, the high and 
favorable genetic correlations, especially between the 
most important growth curve parameters (a and k), 
show that selection for increased mature weight will 
also increase maturation rate, which is favorable for 
pig production systems. High prediction accuracy and 
low bias estimated values indicate that the two-step 
approach is feasible for predicting animals’ breeding 
values for growth curve parameters and for dealing 
with longitudinal body weight measurements.
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