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Abstract 

The objective of this thesis was threefold: 1) to compare alternative growth functions 

fitted to pig live-weight data, with particular emphasis on the ability of the growth function to 

predict future live-weight; 2) to estimate genetic (co)variances for the parameters of the 

previously determined most appropriate growth function using alternative modelling 

approaches; 3) to estimate genetic (co)variances parameters pertaining to live-weight, feed 

intake and two other efficiency traits using Legendre polynomial equations. The final dataset 

used included 51,893 live-weight and 903,436 feed intake records from 10,201 pigs, collected 

between the years 2006 and 2012, inclusive, obtained from the Finnish pig breeding company 

Figen Oy.  

Fixed effects and mixed models were applied to three different growth functions, 

namely von Bertalanffy, Gompertz, and Richards; fixed and mixed model polynomial 

equations were also considered. Each growth function’s ability to predict future live-weight 

was determined by excluding a selection of animal live-weight records post 160 days of age, 

and comparing the predicted live-weight to actual live-weight. The accuracy of fit for each 

model was determined as the square of the correlation between the actual and predicted 

weights. The root mean square error (RMSE) values for each model scenario were also 

estimated. The Gompertz growth function achieved the greatest accuracy squared of 

modelling pig live-weight (0.997) and lowest RMSE (1.60 kg). When used in a mixed model 

framework the Gompertz growth function also achieved the greatest accuracy squared of 

predicting future live-weight records (0.846) with the lowest corresponding RMSE (5.35 kg). 

Based on the results from the first study the Gompertz growth function was used to 

estimate the genetic (co)variance of the function’s parameters asymptotic mature weight (A), 
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the logarithm of the ratio of mature weight to birth weight (B) and rate of maturation (k). 

Three alternative approaches were utilised to estimate the variances; a two-step fixed effects 

approach, a two-step mixed model approach and a one-step mixed model approach. The two-

step approach initially used growth function parameter estimates from the first study 

(paragraph above) and subsequently estimated the variance component parameters for A, B 

and k, using a linear mixed model; whereas, the one-step approach used an iterative method 

to calculate the variance component estimates for the growth function parameters, in a mixed 

model framework. Results from the genetic analysis using a two-step fixed effects or mixed 

model approach, and the one-step mixed model approach, highlighted that ample genetic 

variation exists for all three Gompertz growth function parameters; greater heritability 

estimates for the Gompertz growth function parameters were obtained from the one-step 

mixed model approach.  

Genetic (co)variances for live-weight, feed intake and two efficiency measures, namely 

residual feed intake and residual daily gain, were estimated using random regression 

Legendre polynomial models. Results using the random regression Legendre polynomial 

models showed that heritability of live-weight, feed intake, residual feed intake and residual 

daily gain increased in the early growing phase, peaked and subsequently decreased as the 

age of the animal increased. Ample genetic variation existed for all four traits, indicating the 

potential to alter curve profiles to meet specific breeding objectives.  

Results from this thesis can be implemented into genetic evaluations for pigs, providing 

comprehensive information on the profile of growth and efficiency throughout the growing 

period of the animal’s life, thus helping breeders identify genetically superior animals. 
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1 Introduction 

1.1 Modelling and predicting phenotypic live-weight 

Growth can be defined as the relationship between age and lifetime weight of an 

animal, and can be mathematically modelled using growth functions (Fitzhugh, 1976; Kucuk 

and Eyduran, 2009). Growth functions have the ability to condense the weight-age 

relationship into a few biologically interpretable parameters (Brown et al., 1976; 

Goonewardene et al., 1981). The greatest attribute of a growth function is its ability to predict 

the animal’s future growth, rather than simply describing the animal’s growth heretofore 

(Koivula et al., 2008). Parametric growth functions, such as von Bertalanffy (Bertalanffy, 

1957), Gompertz (Winsor, 1932) and Richards (Richards, 1959) are suitable to describe and 

predict growth throughout an animal’s life. Several different growth models have been used 

to describe the growth pattern and development of body weight in pigs (Knap, 2000; 

Wellock, 2004; Koivula et al., 2008), cattle (Brown et al., 1976; Beltran et al., 1992; Berry et 

al., 2005), and sheep (Lewis et al., 2002; Gbangboche et al., 2006; Gbangboche et al., 2008). 

Studies have also investigated modelling pig live-weight using either fixed effects or mixed 

models (Craig and Schinckel, 2001; Strathe et al., 2010), with fixed (Afolayan et al., 2006) 

and random polynomial regressions (Meyer, 2005) also utilised. Model selection to predict 

growth in livestock is, nonetheless, a challenging task given the broad variety of growth 

functions, the diverse selection of biological functions that need to be accounted for, and 

criteria to assess goodness of fit.  

Considerable research has been undertaken on the genetic parameters of growth 

function parameters (Mignon-Grasteau, 1999; Lewis et al., 2002; Koivula et al., 2008). Little 

information in the literature exists, however, on the modelling of phenotypic live-weight data 
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and quantifying a growth function’s ability to predict future phenotypic live-weight using 

either fixed effects or mixed model equations in pigs. 

1.2 Genetics of live-weight using fixed effects and mixed model equations 

Future prediction of an individual animal or (genetic) family growth profile at both a 

phenotypic and genetic level has been extensively studied (Meyer, 2005; Sowande and 

Sobola, 2008; McHugh et al., 2012). Previous results suggest that the Gompertz growth 

function is generally superior to other growth functions for modelling and predicting future 

phenotypic animal live-weight (Sevon-Aimonen, 2001). The Gompertz function has three 

biologically interpretable parameters which are known to be heritable (poultry – Mignon-

Grasteau, 1999; sheep – Lewis et al., 2002; pigs – Koivula et al., 2008) and therefore could 

be modified through genetic selection. 

Studies on the estimation of the genetic (co)variances for growth function parameters 

have mostly used a two-step approach in that growth function parameters are estimated for 

individual animal growth in a fixed effects framework initially, after which the individual 

animal function parameter estimates are subjected to mixed model equations implemented for 

the variance component estimation (Bathaei and Leroy, 1998). A one-step approach has also 

been investigated (Koivula et al., 2008) where non-linear mixed models were solely used.  

To our knowledge, no study has compared variance components of growth function 

parameters estimated directly from the data to those estimated in a two-stage process where 

the individual animal growth function parameters are first estimated at a phenotypic level 

prior to the estimation of genetic (co)variances for these parameters. 
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1.3 Genetics of live-weight, feed intake and efficiency traits using random regression 

models 

Animal growth and feed intake are key factors determining farm productivity and 

profitability. Feed costs account for up to 70% of total animal production costs (chickens – 

Begli et al., 2016); therefore reducing costs without any repercussions on animal growth and 

performance is of considerable interest to producers. A strong positive genetic relationship 

exists between live-weight and feed intake (pigs – Nguyen et al., 2004); consequently 

selecting animals based on either live-weight or feed intake, without cognisance of the other 

trait, may not result in the selection of the most efficient animals (Begli et al., 2016). Residual 

feed intake has been suggested as an alternative efficiency measure, defined as, the difference 

between an animal’s actual feed intake and its expected feed requirements for maintenance 

and growth (Koch et al., 1963). Residual daily gain has also been proposed as an alternative 

definition of efficiency explained as the difference between an animal’s actual growth rate 

and its expected growth rate (Koch et al., 1963). To our knowledge, no study has estimated 

(co)variance components for pig live-weight, feed intake and efficiency traits using random 

regression polynomial equations, and examined the interactions of traits, throughout the 

animal’s growing phase.  

1.4 Objectives 

The objective of this thesis was threefold:  

1) To compare alternative growth functions fitted to pig live-weight data, with particular 

emphasis on the ability of the growth function to predict future live-weight (Article I);  

2) To estimate genetic (co)variances for the parameters of the previously determined 

most appropriate growth function using alternative modelling approaches (Article II); 

and  
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3) To estimate genetic (co)variances parameters pertaining to live-weight, feed intake 

and two other efficiency traits using Legendre polynomial equations (Article III).  

Results from this thesis can be implemented into genetic evaluations for pigs, providing 

comprehensive information on the profile of growth and efficiency throughout the growing 

period of the animal’s life, thus helping breeders identify genetically superior animals. 
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2 Materials and methods 

2.1 Data 

2.1.1 Animal management 

All animals used in this thesis were on trial in the Längelmäki central test station in 

Finland between the years 2006 and 2012, inclusive (Articles I, II and III). The pigs evaluated 

in the test station are included in the Finnish national breeding evaluation. Animals ranged 

from 61 to 102 days of age at entry into the test station and included boars, gilts, and barrows; 

the average age was 88 days on entry. Two breeds were included in the dataset namely 

Yorkshire and Landrace. Animals were housed in groups according to their date of entry to 

the station. Animals were allocated a daily feed allowance just below the expected 

consumption in an ad libitum feeding regime based on the average live-weight of the group 

(Koivula et al. 2008); a total of 33 different diets were used, in a phase feeding system, over 

the course of the data collection (from 2006 to 2012). Pedigree information was available for 

all animals and the pedigree file consisted of 1,653,082 animals. A sire pedigree was utilised 

for all three studies and included 3,550 sires, over 4 generations, from 636 founder sires 

represented in 3,919 litters. The contemporary group applied to the models in Articles II and 

III was defined as the date of entry to the test station (n = 269). 

2.1.2 Growth and feed efficiency traits 

Live-weight 

A total of 61,715 live-weight records from 12,768 pigs were obtained from the Finnish 

pig breeding company Figen Oy (Article I, II and III). Live-weight was recorded for each pig 

on a bi-weekly basis; the number of live-weight records per animal ranged from three to 

eight, recorded over an 86 to 99 day test period. Animals with less than five live-weight 
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records during the test period (n=1,034) were discarded, as were animals that failed to remain 

on test for at least 86 days (n=100). A total of 150 individuals with recorded weight loss 

between consecutive test-day weight measurements, taken on average two weeks apart, were 

removed. Only animals that were recorded as finishing the test period alive without any 

record of sickness throughout the test period were retained (1,283 animals omitted).  

Feed intake 

A total of 1,117,974 feed intake records from 12,768 pigs were obtained for analysis 

(Article III). Feed intake records were collected on a daily basis from each pig for the 

duration of their test period (ranging from 86 to 99 days). Pigs with feed intake records 

greater than ± 3 SD of the mean intake for the group were omitted (32 pigs were omitted).  

Residual feed intake 

Residual feed intake, defined by Koch et al. (1963), describes the difference between an 

animal’s actual feed intake and its expected feed requirements for maintenance and growth. 

Residual feed intake was estimated for each pig using a random regression model, where 

average daily gain (ADG) plus the metabolic live-weight of the pig were regressed onto feed 

intake (Article III). Predicted live-weight, estimated per pig per day, using a random 

regression model was used to derive ADG and was calculated for each pig as forward 

differencing (i.e., the difference in live-weight between two consecutive days of age). 

Subsequently regression analysis was undertaken using PROC REG (regression analysis; 

SAS, 2012), where feed intake was included as the dependent variable and ADG and 

metabolic live-weight (calculated as daily live-weight to the power of 0.75 (live-weight
0.75

)) 

were included as regressor variables. The residual estimates from the regression analysis 

were taken to represent residual feed intake.  
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Residual daily gain 

Residual daily gain phenotypes were estimated for each pig using a regression model in 

PROC REG (regression analysis; SAS, 2012), where ADG was included as the dependent 

variable and feed intake and metabolic live-weight were both included as the independent 

variables; the residual values from the regression model were taken to represent residual daily 

gain (Article III).  

Following all edits, the final dataset consisted of 51,893 live-weight observations and 

903,436 feed intake, residual feed intake and residual daily gain observations from 10,201 

animals (Articles I, II and III).  

2.2 Analyses 

2.2.1 Modelling and predicting phenotypic live-weight 

Three different growth functions were fitted to the live-weight data for each individual 

animal (Article I). The three growth functions were the von Bertalanffy, the Gompertz and 

the Richards growth function and are described in Table 1. Each of the three growth functions 

were fitted in a fixed effects model framework to each animal separately, and subsequently 

built up into a mixed model for each growth function. For comparison purposes, fixed effects 

and mixed model polynomials were also applied to the data. To account for the small 

absolute value for the average rate of maturation (parameter k) in all growth functions 

equations, and its diminutive variance compared to the other parameters, a scaled time 

variable was used. Age in days was scaled prior to the analysis by multiplying the age of the 

animal by a scaling factor (0.015) and was utilised across all six functions. This scaling factor 

was derived as the average rate of maturation (k) obtained from preliminary analysis of the 

data.  
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Each of the three growth functions were fitted using a fixed effects model to each 

animal separately in PROC NLIN (non-linear least square analysis; SAS, 2012). A fixed 

effects polynomial was fitted in PROC REG (regression analysis; SAS, 2012); linear, 

quadratic and cubic order polynomials were considered. Additionally the growth functions’ 

parameters A, B, k and m (for Richards only) were estimated using a mixed model for each 

growth function in PROC NLMIXED (non-linear mixed model analysis; SAS, 2012). Mixed 

model polynomials were also fitted using PROC NLMIXED (non-linear mixed model 

analysis; SAS, 2012); linear, quadratic and cubic order mixed model polynomials were 

analysed.  

Table 1 Equations for each growth function, fitted as a fixed effects model 

Growth function  Equation 

Von Bertalanffy Yt = A (1-B exp
-kt

)
3
 

Gompertz Yt = A exp(-B exp
-kt

) 

Richards Yt = A (1-B exp
-kt

)
m

 

Polynomial  Linear 

 Quadratic 

 Cubic 

where Yt represents the observed weight of the animal at age t expressed as the rescaled time variable; A 

represents the limit for each animal as its age approaches infinity, it does not approximate the heaviest weight 

attained by the animal; Parameter B for the Gompertz function is defined as the ratio of mature weight to birth 

weight, for the von Bertalanffy and Richards functions parameter B represents the constant of integration.; k is a 

maturing rate parameter defining the ratio of maximum growth rate to mature weight; m relates the inflection 

point to A. 
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Two datasets were used to evaluate each growth functions’ ability to model and predict 

animal live-weight. The first dataset included all animal live-weight records (exploratory 

dataset) and was used to evaluate how well each growth function modelled (historical) animal 

live-weight. The accuracy of the model fit was determined based on the square of the 

correlation between the actual and predicted live-weight (𝑟𝑤
2). The root mean square error 

(RMSE) values for each model scenario were also estimated. The 𝑟𝑤
2 and RMSE were 

calculated for each individual animal separately and then averaged across the entire 

population for each growth function.  

The second dataset (forward prediction) evaluated how efficiently the growth function 

predicted future animal live-weight when weight records later in the animal’s life were 

excluded. The forward prediction dataset was constructed as follows; the exploratory dataset 

was stratified by year and gender and randomly divided into four evenly sized groups. Cross-

validation was performed with the analysis run for each of the four groups separately, for 

each of the four runs; weight records post 160 days from only one stratum were masked and 

excluded records predicted for the entire remaining dataset. The square of the correlation 

between the predicted and actual live-weights (𝑟𝑤�̂�
2 ) as well as the RMSE were calculated for 

the excluded live-weights and average for all four cross-validations obtained to generate a 

final 𝑟𝑤�̂�
2  and RMSE value. Residual correlations and the bias associated with the three fixed 

effects growth functions and the fixed effects polynomial equations were also calculated; bias 

was defined as the mean difference between the actual recorded live-weight and the predicted 

live-weight. 

The number of animals where the model converged for a particular growth function 

was also considered when choosing the most suitable growth function. The most 

parsimonious order of the mixed model polynomial equation to adequately model the data 
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was decided on by comparing the Akaike information criterion of the higher order mixed 

model polynomial and the immediately lower order fit. 

2.2.2 Genetic analysis of live-weight using fixed effects and mixed model equations 

(Co)variance components of the growth parameters for fixed and mixed models were 

estimated using univariate, bivariate and multi-trait linear mixed model in ASReml (restricted 

maximum likelihood analysis; Gilmour et al., 2009). 

2.2.2.1 Two-step approach 

Results from the fixed effects model (section 2.2.1) and from the mixed model equation 

(section 2.2.1), concluded that the Gompertz growth function was superior in both modelling 

predicting animal live-weight, and therefore, only the Gompertz model was considered for 

the genetic analysis of live-weight. The Gompertz growth function was fitted to the data to 

derive individual animal A, B and k parameters with PROC NLIN (non-linear least square 

analysis; SAS, 2012), or using a mixed model equation in PROC NLMIXED (non-linear 

mixed model analysis; SAS, 2012) (Article II): 

𝑌𝑖𝑗 =  𝐴𝑖 ∗ 𝑒𝑥𝑝(−𝐵𝑖𝑒𝑥𝑝−𝑘𝑖𝑡𝑗) + 𝑒𝑖𝑗 , 𝑗 = 1, … . . , 𝑛𝑖 

where the dependent variable Yij represents the observed live-weight of the animal i at tj 

rescaled days of age, ni is the number of observations for animal i, parameter A (kg) describes 

the live-weight of the animal as its age approaches infinity and represents the mature weight. 

Parameter B is the ratio of mature weight to birth weight in log scale. Parameter k (kg/d per 

kg mature weight) represents the maturing rate as the ratio of maximum growth rate to 

mature weight, and eij is the residual effect of the animal i at tj days of age.  

(Co)variance of the resulting growth parameters for the fixed and mixed models were 

estimated using a multi-trait linear mixed model in ASReml (restricted maximum likelihood 
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analysis; Gilmour et al. 2009), with pedigree information for all animals included. Both 

gender and contemporary group (date of entry to test station, n = 269) were included as fixed 

effects, with a litter effect (N(0,A𝜎𝑙
2)),  and a sire genetic effect (N(0,A𝜎𝑠

2)), applied as 

random effects for all Gompertz function parameters. Heritability (h
2
) estimates for the two-

step approaches were calculated using the following formula: 

ℎ2 =  
4𝜎𝑠 

2

𝜎𝑠 
2 +  𝜎𝑙

2 + 𝜎𝑒
2
 

where 𝜎𝑠 
2 is the sire genetic variance of the trait, 𝜎𝑙 

2is the common litter variance of the trait, 

and 𝜎𝑒
2 is the residual variance of the trait.  

2.2.2.2 One-step approach 

For the one-step analysis, the growth of each pig was modeled using a Gompertz model 

(Winsor, 1932), but using a multiplicative model approach as detailed in Koivula et al. 

(2008): 

𝑙𝑛(𝑌𝑖𝑗) = 𝑙𝑛(𝑔𝐴 + 𝑐𝐴 + 𝑙𝐴 + 𝑎𝐴 + 𝑠𝐴) ∗ (−(𝑔𝐵 + 𝑐𝐵 + 𝑙𝐵 + 𝑎𝐵 + 𝑠𝐵)

∗ 𝑒𝑥𝑝−(𝑔𝑘+𝑐𝑘+𝑙𝑘+𝑎𝑘+𝑠𝑘)∗𝑡𝑗) + 𝑙𝑛 (𝑒𝑖𝑗) 

where ln represents the natural log, the dependent variable Yij represents the observed live-

weight of the animal i at tj rescaled days of age, g is the fixed gender effect, c is the fixed 

contemporary group effect, l is the random litter effect (N(0,A𝜎𝑙
2)), a is the random animal 

effect (N(0,I𝜎𝑎
2)), and s the sire genetic effect (N(0,A𝜎𝑠

2)). Subscript A describes that the 

effect is related to the live-weight of the animal as its age approaches infinity. Similarly, the 

effects with subscripts B and k are related to the ratio of mature weight to birth weight and the 

maturing rate, respectively, and eij is the residual effect (N(0,I𝜎𝑒
2)) of the animal i at tj days of 

age.  
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The restricted maximum likelihood (REML) based empirical best linear unbiased 

predictor (EBLUP; Wolfinger and Lin, 1997) was utilised to implement the models as 

described by Vuori et al. (2006). Pseudo heritability (h
2
) estimates were calculated for each of 

the three growth function parameters, A, B and k: 

ℎ2 =  
4𝜎𝑠 

2

𝜎𝑠 
2 +  𝜎𝑙

2 + 𝜎𝑎
2
 

where 𝜎𝑠 
2 is the sire genetic variance of the trait, 𝜎𝑙

2is the common litter variance of the trait 

and 𝜎𝑎
2 is the permanent environmental variance of the animal.  

For the two-step fixed effects and mixed model approaches, and the one-step mixed 

model approach, estimated breeding values (EBV) for parameters A, B and k were obtained 

for all sires. These parameter EBV were then used to derive daily sire live-weight profiles 

(referred to as predicted daily sire live-weights from this point forward) calculated by 

inserting the sire EBV solutions for A, B and k, adjusted for the population mean for each 

parameter, into the Gompertz growth function; daily sire live-weight was estimated from 60 

to 200 days of age. 

2.2.3 Genetics of live-weight, feed intake and efficiency traits using random regression 

models 

Genetic (co)variance parameters for live-weight, feed intake, residual feed intake and 

residual daily gain were estimated using random regression Legendre polynomials in 

ASReml (restricted maximum likelihood analysis; Gilmour et al., 2009) (Article III). The 

following model was fit to each trait: 
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𝑌𝑖𝑗𝑘𝑙𝑚𝑝𝑞𝑟𝑠 = 𝑠𝑒𝑥𝑗 + ∑ 𝑏𝑘𝑎𝑔𝑒𝑘

𝑛

𝑘=1

+ 𝑏𝑟𝑒𝑒𝑑𝑙 + 𝑐𝑜𝑛_𝑔𝑟𝑝𝑚 + 𝑓𝑒𝑒𝑑𝑝 + ∑ 𝑠𝑒𝑥𝑗𝑘𝑎𝑔𝑒𝑘

𝑛

𝑘=1

+ ∑ 𝑏𝑟𝑒𝑒𝑑𝑙𝑘𝑎𝑔𝑒𝑘

𝑛

𝑘=1

+  ∑ 𝑠𝑖𝑟𝑒𝑞𝑘𝑎𝑔𝑒𝑘

𝑛

𝑘=0

+ ∑ 𝑙𝑖𝑡𝑡𝑒𝑟𝑠𝑘𝑎𝑔𝑒𝑘

𝑛

𝑘=0

+ ∑ 𝑝𝑒𝑟𝑚𝐴𝑛𝑖𝑟𝑘𝑎𝑔𝑒𝑘

𝑛

𝑘=0

+ 𝑒𝑗𝑘𝑙𝑚𝑝𝑞𝑟𝑠 

where Yi was the dependent variable (live-weight, feed intake, residual feed intake or residual 

daily gain) of the ith pig, sexj was the fixed effect of the pig’s gender (entire male, female and 

castrate), ∑ 𝑏𝑘agek
n
k=1  was the polynomic function of effect of age with agek being the k

th
-

order Legendre polynomial on agek (d) of the pig, breedl was the breed of the pig (Yorkshire, 

and Landrace), con_grp
m

 was the contemporary group of the pig, defined as date of entry to 

the test station, feedp represents the dietary supplementation offered to individual group of 

pigs which varied across the growing phase, ∑ sexjkagek
n
k=1  models a two-way interaction 

between the fixed effect of sex along the growth period where agek is the k
th

-order Legendre 

polynomial and ∑ breedlkagek
n
k=1  models a two-way interaction between the fixed effect of 

breed along the growth period where agek is the k
th

-order Legendre polynomial. The random 

effects fitted to all models were sire (N(0, A𝜎𝑠
2)), permanent environmental effect of the pig 

(N(0,I𝜎𝑎
2)) and a litter effect (N(0, A𝜎𝑙

2)); where ∑ sireqkagek
n
k=0  models the sire effects 

along the growth period where agek is the k
th

-order Legendre polynomial, ∑ litterskagek
n
k=0  

models the litter effects along the growth period where agek is the k
th

-order Legendre 

polynomial, ∑ permAnirkagek
n
k=0  models the permanent environmental effects along the 

growth period where agek is the k
th

-order Legendre polynomial, and ejklmpqrs was the residual 

effect (N(0,I𝜎𝑒
2)). 
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Non-significant fixed effects (P > 0.05) were removed from each model by backward 

elimination. The most parsimonious order of the fixed effect Legendre polynomial was 

chosen based on the F-statistic value from each order of the polynomial term and also by 

visual comparison of the resulting curve profile for each model. For the random effects of 

sire, litter and permanent environmental effect of the pig, the order applied to the polynomial 

for the sire genetic effect was increased independently of the polynomial for the random litter 

and permanent environmental effects, (i.e., the sire random effect was increased by n
th

+1-

order Legendre polynomial compared to the n
th

-order Legendre polynomial for both litter and 

permanent environment effect). The most parsimonious Legendre polynomial order to 

adequately model the data was chosen by comparing the log likelihood ratio values of the 

higher order random regression model and the immediately lower order fit. Eigenvalues of 

the resulting (co)variance function were also examined for each of the random effects. 
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3 Results 

The edited dataset consisted of 41% boars, 33% gilts, and 26% barrow pigs. The 

average age (SD in parenthesis) of the pigs entering the test centre was 88 days (7.4 days) 

with an average weight of 35.2 kg (5.6 kg). The average age (SD in parenthesis), in the edited 

dataset, of the pigs leaving the test centre was 177 days (8.2 days) with an average weight of 

118.0 kg (12.3 kg).  

3.1 Modelling and predicting phenotypic live-weight 

The proportion of animals where the model fitted converged with biologically sensible 

parameters for each growth function varied from 55% (Richards) to 100% (polynomials) for 

the exploratory dataset (Article I). The population mean values (SD in parenthesis) of the 

model parameters varied by growth function; mean values (SD in parenthesis) for parameter 

A for the Gompertz, was 259.54 kg (77.61 kg), parameter B was 5.50 (0.87) and parameter k 

was 0.77 kg/d per kg mature weight (0.17 kg/d per kg mature weight). The coefficient of 

variation for parameters A and k for the Gompertz growth function were 30% and 22%, 

respectively.  

The accuracy squared (𝑟𝑤
2) for the exploratory dataset, ranged from 0.989 (Richards) to 

0.998 (cubic polynomial); a high 𝑟𝑤
2  (0.997) and a low RMSE was estimated for the 

Gompertz growth function (1.66 kg) indicating it best fit the exploratory dataset. Results for 

the Gompertz function when forward predicting live-weight revealed the 𝑟𝑤�̂�
2 was lower 

(0.683) and had a RMSE value five times larger (8.51 kg) compared to the initial modelling 

results. When forward predicting live-weight, the Gompertz function marginally under-

estimated live-weight (on average by -0.009 kg to -0.003 kg), and weak correlations (|0.12|) 

existed between the phenotypic animal live-weight and the prediction error of the calculated 

future live-weight. 
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Strong positive correlations existed between the three growth function parameter 

estimates, A, B and k, for the fixed effects and mixed model Gompertz equations. The fixed 

effects model estimated a moderate negative correlation (r = -0.41) between parameters A and 

B; however for the mixed model equations the corresponding correlation was 0.29. The 

Gompertz function with integration constant (B) and rate of maturation (k) fitted as random 

effects was superior to all other mixed models in predicting future live-weight with an 𝑟𝑤�̂�
2  

and RMSE of 0.9619 and 2.60 kg, respectively. The mixed model Gompertz growth function, 

with parameters A and k fitted as random effects, slightly over-estimated live-weight, on 

average by 0.59 kg to 3.97 kg. Near zero correlations (0.01 to 0.02) existed between the 

phenotypic animal live-weight and the prediction error of the calculated future live-weight 

with the Gompertz mixed models. 

3.2 Genetic analysis of live-weight using fixed effects and mixed model equations 

3.2.1 Two-step approach 

The co-efficient of genetic variation for the two-step fixed effects approach was 10%, 

14% and 9%, for parameters A, B and k, respectively. The coefficient of genetic variation 

estimates for A (6%), B (5%) and k (4%) for the two-step mixed model was lower than the 

corresponding two-step fixed effects approach (Article II). Lower heritability estimates (SE 

in parenthesis) were observed for all growth function parameters when the two-step fixed 

effects approach (ranging from 0.10 (0.03; parameter A) to 0.33 (0.04; parameter B) 

compared to the two-step mixed model approach (ranging from 0.17 (0.03; parameter A) to 

0.32 (0.04; parameter B). 
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3.2.2 One-step approach 

Moderate to large heritability estimates were observed for the three Gompertz growth 

function parameters A (0.40), B (0.69) and k (0.45). Weak to moderate correlations existed 

between the three growth curve parameters (-0.07 to -0.39) estimated using the one-step 

approach.  

3.2.3 Correlations between sire EBV for the two-step and one-step approaches 

Moderate to strong correlations existed between the sire EBV for parameter A, ranging 

from 0.31 (two-step fixed effects approach and the one-step mixed model approach) to 0.73 

(fixed effects and the mixed model two-step approach) (Article II). Across the two-step fixed 

effects and mixed model approach, and the one-step mixed model approach, strong 

correlations were evident for sire EBV for parameter B ranging from 0.75 (two-step fixed 

model and the one-step mixed model) to 0.89 (two-step mixed effects model and the one-step 

mixed model). The weakest correlation between sire EBV for the three Gompertz growth 

function parameters existed for parameter k and ranged from 0.08 (two-step fixed model and 

the one-step mixed model approach) to 0.37 (two-step mixed effects and the one-step mixed 

model). 

Moderate to strong correlations were observed between sire live-weight EBV 

calculated using the Gompertz growth curve from 60 to 200 days of age across all three 

approaches. The correlation between the sire live-weight EBV predicted using the two-step 

fixed effects and one-step mixed model approach ranged from 0.75 (day 200) to 0.81 (day 

60), and between the one-step mixed model approach and the two-step mixed model ranged 

from 0.91 (day 60) to 0.95 (day 200). 
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3.3 Genetics of live-weight, feed intake and efficiency traits using random regression 

models 

A fourth order random regression Legendre polynomial on the fixed effect of age 

provided the best fit for live-weight, feed intake and residual feed intake; for residual daily 

gain a fifth order Legendre polynomial was best (Article III). For live-weight, a quadratic 

random regression Legendre polynomial best described the additive genetic effect, while a 

linear random regression Legendre polynomial was the most parsimonious for both litter and 

permanent environmental component. Although a quartic random regression Legendre 

polynomial appeared to provide the best fit to all three random effects for both feed intake 

and residual feed intake, however results from the log likelihood test showed that the quartic 

order did not improve the fit to the data, therefore a cubic random regression Legendre 

polynomial was applied for both feed intake and residual feed intake. For residual daily gain, 

a quadratic order Legendre polynomial was applied to all three random effects. 

The genetic variance for live-weight, feed intake and residual feed intake followed a 

similar trend throughout the pig’s growing phase, increasing with age with a more 

pronounced increase at older ages, especially for feed intake and residual feed intake. In 

contrast, the trend in genetic variance for residual daily gain was almost a mirror image, 

reducing as the animal’s age increased. Litter and permanent environmental variance 

associated with live-weight, feed intake and the two other efficiency traits decreased as the 

age trajectory of the animals increased.  

Heritability estimates (SE in parenthesis) for live-weight ranged from 0.25 (0.04) on 

day 73 to 0.50 (0.03) on day 122, and decreased steadily thereafter. Low to moderate 

heritability estimates were evident for feed intake ranging from 0.07 (0.03) on day 66 to 0.25 

(0.02) on day 170. The estimated heritability for residual feed intake was generally lower 
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than those reported for live-weight and feed intake and ranged from 0.04 (0.01) day 96 to 

0.17 (0.02) day 159. For feed intake and residual feed intake, heritability estimates declined 

rapidly after day 170 and day 158, respectively. Heritability estimates for residual daily gain 

increased to a maximum value of 0.42 (0.03) on day 104 in the early stages of the pig’s 

growing phase but decreased steadily thereafter to a minimum value of 0.26 (0.03) on day 

188. 

3.3.1 Genetic correlations within trait at different ages 

Within all traits, genetic correlations were strongest (0.99) between adjacent ages, but 

weakened as the interval between ages increased (Article III). Strong negative genetic 

correlations between the beginning and end of the test period were estimated for residual 

daily gain, whereas for other traits moderate positive genetic correlations were estimated. 

Interestingly, observations for live-weight, feed intake and residual feed intake at age 66 are 

more genetically correlated to observations at age 196 than age 136.  

3.3.2 Genetic correlations among traits over time 

Moderate to strong genetic correlations were evident among all four traits in the early 

stage of the test period (day 66 to day 86) but weakened with age. The strongest correlations 

were observed between live-weight and feed intake, ranging from 0.58 (day 197) to 0.88 (day 

115) and, between feed intake and residual feed intake from 0.65 (day 153) to 0.92 (day 66). 

Live-weight was moderately to strongly positively correlated with both residual feed intake 

(0.46; day 96) and residual daily gain (0.96; day 105), respectively. Moderate to strong 

positive genetic correlations existed between residual feed intake and residual daily gain 

(0.35 on day 132 to 0.70 on day 89). 
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4 Discussion 

The Gompertz growth function adequately modelled and predicted pig live-weight. 

Furthermore, a Gompertz growth function in a one-step mixed model framework estimated 

the greatest heritability for the three growth function parameters, A, B and k. Finally random 

regression Legendre polynomial models fit the data adequately and ample genetic variation 

was estimated indicating the potential to alter curve profiles for live-weight, feed intake, 

residual feed intake and residual daily gain to meet specific breeding objectives. Results from 

this thesis can be implemented into genetic evaluations for pigs, providing comprehensive 

information on the profile of growth and efficiency throughout the growing period of the 

animal’s life, thus helping breeders identify genetically superior animals. 

4.1 Modelling and predicting phenotypic live-weight 

The growth functions investigated in this study (i.e., von Bertalanffy, Gompertz, and 

Richards) have been commonly used to model live-weight gain in many livestock species 

(cattle – Berry et al., 2005; pigs – Koivula et al., 2008; sheep – Lambe et al., 2006; 

Gbangboche et al., 2008). The Brody growth function (Lambe et al., 2006; Gbangboche et 

al., 2008) and the logistic growth function (Lambe et al., 2006) have also been studied 

extensively but previous studies have concluded that the von Bertalanffy, Gompertz and 

Richards growth functions were superior for describing animal growth compared to all other 

growth functions.  

Differences existed between the growth functions when their ability to predict future 

animal live-weight in the forward prediction dataset was considered. The ability of the mixed 

model equations to forward predict live-weight was, in all cases, superior to the fixed effects 

models. Mixed model equations account for the population mean but also the individual 

animal deviations from that mean, thereby partitioning the variance more efficiently 
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compared to the fixed effects models. The superiority of mixed models is particularly 

important when population growth rate is starting to plateau. The fixed terms in the mixed 

model use data on contemporaries to model this plateauing effect; thereby also influencing 

the predicted future growth trajectory of the individual animals, without sufficient data to 

inform the algorithm of the current growth rate and imminent plateau. Previous studies 

(poultry – Mignon-Grasteau et al., 1999; sheep – Lewis et al., 2002) have exploited fixed 

effects models for the development of growth curves in a range of species. Gossett et al. 

(2007) reported that the mixed model equations, when incorporated into the Gompertz 

growth function, were the best type of models to model the growth curve of premature human 

infants. Similar results were observed across different species when the mixed model 

Gompertz growth functions’ ability to describe and summarise a given dataset, but also to 

predict future live-weight, was examined (pigs – Wellock, 2004; Koivula et al., 2008; sheep – 

Lambe et al., 2006). 

In comparison to growth functions, polynomial equations have, however, no 

biologically interpretable parameters and therefore, depending on the purpose of the function, 

may not be the most suitable choice for describing growth patterns. In contrast to polynomial 

equations, biological interpretable growth functions are better in data extrapolation; non-

linear functions have a built in intelligence which allows the growth curve to reach an actual 

asymptotic mature weight. Towards the end of life, when there were fewer data points, in a 

mixed model framework the random effect solutions will regress towards the fixed effects 

profile, which causes the animal growth curves to mimic the growth pattern of the 

contemporaries. In contrast, when modelling incomplete data, the polynomial models are not 

restricted to biological limits, since no assumptions are made about the shape of the growth 

curve relative to time; this may explain their poor forward predictive ability of live-weight in 

this thesis. 
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4.2 Genetic analysis of live-weight using fixed effects and mixed model equations 

4.2.1 Two-step and one-step approaches 

The sire variance estimated for live-weight from the two-step and one-step mixed 

model approaches were lower than the sire variance estimated for live-weight using the fixed 

effects model. One potential reason for the larger sire variance estimated for live-weight with 

the two-step fixed effects approach, could be attributable to the partitioning of the variances 

in the models; a mixed model will regress individual random animal deviations towards the 

mean and therefore, will result in less variation in the second step for variance component 

estimation. In addition only one residual variance was calculated for the one-step approach, 

and therefore the variance not explained by sire and litter may be included in the random 

animal effect rather than in the residual variance. Several international studies in different 

species are in agreement that non-linear mixed models allowed for more accurate and precise 

estimation of animal growth parameters compared to fixed effects models, due to their ability 

to reduce bias generally caused by the early removal of heavier pigs (sheep – Bathaei and 

Leroy, 1998; pigs – Craig and Schinckel, 2001; ducks – Schinckel et al., 2004).    

The greater heritability estimates associated with the Gompertz growth function 

parameters, asymptotic mature weight (A) and rate of maturation (k), for both the one-step 

and two-step mixed model approaches compared to the two-step fixed effects approach, 

again, could be explained by the superior partitioning of residual variance by the mixed 

model compared to the fixed effects model. 

4.2.2 Correlations between the two-step and one-step approaches 

The negative correlation between sire EBV for asymptotic mature weight and rate of 

maturation across the two-step fixed effects and mixed model, and the one-step mixed model 



23 

 

approaches, could be exploited by pig producers to produce faster growing animals that reach 

lower mature weights, thereby reducing the age at slaughter of finishing animals but also 

enabling producers to increase stocking density due to the lower mature weight of the 

breeding stock. A strong positive association between parameters B and k for the two-step 

fixed effects Gompertz growth function, could be biologically interpreted as lighter pigs are 

more likely to grow faster at a young age and subsequently have greater maturing rates.  

Selecting on an individual trait without taking cognisance of its relationship to other 

traits can have deleterious consequences; therefore a sire’s predicted daily live-weight profile 

may be more beneficial and informative as it allows breeders to identify sires that deviate 

from the mean population curve at certain stages of growth. Although correlations between 

EBV from two-step models vary for different parameters, selecting sires on their predicted 

live-weight profiles for both two-step approaches would result in the selection of similar sires 

based on the strong positive correlations between predicted sire live-weights across all ages 

(0.91 to 0.96). However the weakening correlation between the two-step and one-step 

predicted sire live-weights as age increases suggests that sires would rank differently as 

animals reached maturation, specifically from 150 days on. One possible explanation for this 

is the weak correlation recorded between EBV for parameter A in the two-step and one-step 

approach. 

4.3 Genetics of live-weight, feed intake and efficiency traits using random regression 

models 

Across species, random regression polynomial models have been documented as 

superior to multi-trait models in modelling variance components, due to their ability to 

analyse (co)variances between, or at, every age or time point (sheep – Wolc et al., 2011; pigs 

– Wetten et al., 2012; cattle – Mota et al., 2013; poultry – Begli et  al., 2016). In addition, 
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Legendre polynomials have been favored over normal polynomials in many studies as the 

orthogonal properties associated with Legendre polynomials assist model convergence 

(Smyth, 1998; Meyer, 2000). The order of the random regression Legendre polynomials 

fitted to live-weight varies across studies and species (pigs – Schnyder et al., 2001; Huisman 

et al., 2002). An important point of information regarding the random regression Legendre 

polynomials is, although a higher order may provide a superior fit to the data, the substantial 

increase in computational resource required to estimate the higher order may not be justified 

(Schnyder et al., 2001).  

Additive genetic, litter and permanent environmental variance increased steadily over 

time for live-weight, feed intake and residual feed intake, which corroborates results from 

other studies on these traits estimated using random regression models in pigs (Huisman et 

al., 2002) and poultry (Begli et al., 2016). Few studies (Huisman et al., 2002) have reported 

the genetic, litter and permanent environmental variances estimated using random regression 

models in pigs for live-weight, feed intake and efficiency traits. However, genetic and 

permanent environmental variances reported previously using multi-trait models (Wetten et 

al., 2012) followed a similar trend to the trend in variances observed in this thesis. Residual 

variance for live-weight, feed intake, residual feed intake and residual daily gain varied as 

age increased, though not to the same magnitude as genetic, litter and permanent 

environmental variances which contrasts to results published in pigs by Wetten et al. (2012).  

The heritability estimates for live-weight in the present study were within the range, 

albeit on the upper end, than those reported in previous studies on growing pigs using both 

random regression models (Huisman et al., 2002) and multi-trait models (Gjerlaug-Enger et 

al. 2011; Wetten et al., 2012). Reduced heritability estimates of feed intake may be explained 

by an increase in mean feed intake of the individual pigs towards the latter stages of the test 

period which could be causing greater variability in the recording of the phenotype.  
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Eigenfunctions provide information on potential changes in the age trajectory in 

response to selection of a trait (Meyer and Hill, 1997), and have previously been applied to 

live-weight records in cattle (Berry et al., 2007) and pigs (Schnyder et al., 2001). Analysis of 

eigenvalues and eigenfunctions of the additive genetic (co)variance matrices in the present 

study revealed that ample variability exists in the shape of profiles for live-weight, feed 

intake, residual feed intake and residual daily gain. Across all traits the intercept term 

accounted for a large proportion of genetic variation (55.5 to 86.8%); this suggests that the 

height of the profiles for the four traits can be modified through breeding, thereby allowing 

pigs to grow faster and to heavier weights.  

4.3.1 Genetic correlations among traits over time 

Genetic correlations between live-weight and feed intake were stronger in the early 

stage of the trial period and suggest that a high genetic growth capacity is closely related to 

greater feed intake during the early stages of growth. The strong genetic correlation between 

feed intake and residual feed intake in the present study is consistent with a similar study in 

pigs (Saintilan et al., 2013); these results suggest that the underlying genetic correlations 

influence the potential for change among live-weight, feed intake and the efficiency traits. 

The strong genetic correlations identified between the four traits (i.e., live-weight, feed 

intake, residual feed intake and residual daily gain) suggest that selection for one trait will 

impact an animal’s performance on the other traits. For example, selecting for heavier live-

weight will increase overall live-weight output of the system, but, it will also increase feed 

intake as heavier animals tend to consume more feed and increased feed costs will negatively 

affect the system’s profitability. A solution to this problem is to include both traits in a 

breeding objective; this will allow producers to identify and breed fast growing animals that 

require less feed. The use of random regression models allows for this selection to occur 

across the animal’s lifetime. 
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5 Conclusion 

The Gompertz function was the best growth function for modelling and predicting 

animal live-weight. Mixed model equations were superior to the fixed effects models when 

comparing modelling and prediction of live-weight, and estimation of genetic (co)variance 

for growth function parameters. The best model to use for variance component estimation for 

the Gompertz growth function parameters was the one-step mixed model. This was due to the 

model’s simultaneous iterative approach to solving the individual animal growth curves for 

all fixed and random effects, and suggests the model tries to find the optimal balance between 

fixed and random effects. Assigning EBV to these growth function parameters and 

implementing the parameters into national genetic evaluation programs could allow for more 

accurate EBV for growth related traits. Random regression Legendre polynomial models fit 

the data adequately and moderate to strong heritability estimates and genetic correlations, 

both within and among traits, were estimated for live-weight, feed intake, residual feed intake 

and residual daily gain. These results suggest ample genetic variation exists and genetic 

change can be achieved through selection. Further improvement of live-weight, feed intake, 

residual feed intake and residual daily gain could be achieved by developing a management 

decision tool using the information from the current study to align the management of 

animals more closely with their growth potential. 
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6 Implications 

Based on the results from the present thesis, the Gompertz can accurately model and 

future predict animal live-weight, particularly when fitted using a mixed model and could be 

implemented as a management support tool for livestock producers. A decision support tool 

based on fitted growth functions could be used to identify faster growing animals that require 

less time to reach target mature weights. Additionally the decision support tool could identify 

the slow growing animals, aiding producers in making important feeding and slaughter 

decisions for these animals. A slow growing animal, for example, could be chronically sick 

and, if left unattended, could infect contemporaries. The growth functions could also be used 

to predict, based on body weight and age, when gilts will reach maturity or for use in 

management decision to ensure target weights are being achieved so the animal reaches the 

appropriate breeding weight at a suitable age. Pig unit growth curves could also be built into 

abattoir systems to determine animal supply profiles and coordinate the collection of animals 

suitable for slaughter in different pig units. This can thus be used to maximise the full 

exploitation of the abattoir production systems and minimise periods of over or under supply.    

The three Gompertz parameters are heritable and genetic variation exists; therefore it is 

possible to identify the genetically superior animals to be parents of the next generation and 

aid breeders in altering the shape of the population growth curve. The mixed models allow 

random components to be fit to individual animals; therefore, with a centralised national 

database, an additional series of random terms could be fitted to reflect pig unit or pig unit by 

time. This can be used to compare performance of individual pig units or even performance 

within pig unit over time. Because differences in performance can be due to genetics of 

management, the mixed models should also account for the genetic merit of the pig herd. Not 

only could such information be useful in elucidating management practices influencing 
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performance but could also be useful in detecting pig units with possible high pathogen loads, 

or regions of individual pig units with high pathogen load, or even if evaluated a potential 

accumulation of pathogen load over time. 

The random regression Legendre polynomials used, fit a covariance between weight 

measures on the same animal across time. The scope of the random regression Legendre 

polynomials was further expanded to include genetic relationships among animals which 

could subsequently be used to estimate breeding values, or measures of genetic merit, for 

individual animals for each day of life. Further improvement of live-weight, feed intake, 

residual feed intake and residual daily gain could be achieved by incorporating this 

information into the previously discussed management support tool and help align the 

management of the animals more closely with their genetic growth potential. Further studies 

could include slaughter information, such as carcass conformation and fat, and examine the 

relationship between the genetic contribution to carcass traits and the actual phenotype being 

received by meat processors. Additionally, genomic information on live-weight, feed intake, 

residual feed intake and residual daily gain, should be investigated to identify whether certain 

areas of the genome are activated during different stages of an animal’s growth phase, or if 

the same genes are responsible for the trait throughout an animal’s life.  
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