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Introduction 

Several studies in livestock have reported QTL associated with growth traits in terms of 

average daily gain, weight at a specific age, and days to reach a particular weight (e.g. Stone 

et al. 1999; Nagamine et al. 2003). The majority of studies used univariate approaches to 

detect QTL, treating weights at particular growth points as separate traits. This is despite the 

fact that live weights comprise a longitudinal trait that is a composite of growth rate 

phenotypes over time. Also, patterns of genetic correlations suggest additional complexity. 

For example, using sheep data, Riggio et al. (2008) showed that inter-age genetic 

correlations for live weight, whilst strongly positive, are often different from unity, with the 

correlation decreasing as the time between the weight measurements increases. Thus, it is 

likely that distinct loci act on live weights at different growth stages. For the detection of 

QTL associated with growth, it would be beneficial to take into account the correlation 

structure of weight measurements across time. This paper compares two different approaches 

for characterising QTL that capture genetic variability in live weights at diverse points in 

time. Firstly, growth QTL mapping was pursued by analysing descriptors of growth derived 

from fitting a growth curve to actual live weights and to a simulated dataset. Secondly, 

random regressιon (RR) models were applied to detect age-dependent QTL using a) the same 

live weight dataset as for the growth curve approach and b) biologically relevant simulations 

of growth phenotypes that included different time-dependent QTL. 

Material and methods 

Datasets. Three separate types of data were studied. A) Actual weight measurements at birth 

and at four-week intervals after birth (up to 24 weeks) for 788 Scottish Blackface lambs from 

nine half-sib families, with at least five records per lamb, were analysed using both the 

growth model and RR methods. Lambs were genotyped for microsatellite markers on eight 

chromosomes (see Hadjipavlou & Bishop 2009). B) An independently simulated longitudinal 

yield dataset (Coster et al. 2010) was analysed using the growth model approach. C) 

Simulated growth phenotypes, comprising time-dependent QTL, polygenic and 

environmental effects, were studied using RR models (Table 1). 

 

Growth model method. The Gompertz growth model was fitted to actual live weights and 

was used to predict live weights and growth rates at weekly intervals and at maximum 
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growth for all lambs. The equations used are described in Hadjipavlou & Bishop (2009). 

Yield and growth rate predictions were also obtained from the Gompertz curve for the 

simulated dataset described in Coster et al. (2010). For both studies, QTL analyses were 

conducted using half-sib regression (Knott et al. 1996), implemented by GridQTL (Seaton et 

al. 2006). QTL significance was assessed based on the F-ratio of the full versus the reduced 

(no QTL) model. Chromosome- and genome-wide empirical thresholds were determined for 

the test statistics at α = 0.05 and 0.01 by applying 1000 chromosome-wide permutations for 

each trait.   

 

Table 1: Expected QTL variances over time for the four simulated scenarios 
 

 

 

 

   

 

 

         

1
All scenarios: expected polygenic variance=0.0045; permanent animal effects sampled from N(0, 0.005).

 

2,3,4
Expected QTL variance at each given point in time.  

 

Random regression method. A RR model was used to fit live weight or growth rate data, 

both with and without QTL effects. The generalized model was: y= Xβ + Wq + Z1u + Z2p + 

Z3c + Z4e.  y is a vector of observations at several time points for each lamb; β is a matrix of 

age-dependent fixed effects, including a fixed regression describing the population mean 

trajectory over time, and X is the corresponding design matrix; q, u, p and c are vectors of 

systematic time-dependent random deviations from the fixed curve due to allelic effects of 

the QTL, polygenic, permanent animal, and common environment (litter) effects, 

respectively, with design matrices W, Z1, Z2, and Z3; e is the vector of residual effects with 

design matrix Z4. The elements of matrices W, Z1, Z2 and Z3 are Legendre polynomials of 

specific order for lamb i (Φi). Age values were standardized between -1 and +1. In cases 

when heterogeneous residual variance was assumed, Z4 was fitted as a diagonal matrix of 

distinct variance for each age class. The random vectors q, u, p, c, e, were assumed to be 

mutually independent with multivariate normal distributions: qi|M,ci ~MVN(0,K0i⊗Qi|M,ci); 

u~ MVN(0,G0⊗A); p ~MVN(0, P0⊗I ); c ~MVN(0, L0⊗I ) and e ~MVN(0, Iσ
2

ek ), where 

σ
2

ek is the residual variance of age class k. K0i, G0, P0, L0 are positive definite covariance 

matrices among random regression coefficients, A is the additive genetic relationship matrix 

and Qi|M,ci is the gametic relationship matrix of the allelic effects at the i
th

 QTL, conditional 

on marker data (M) and the position (ci) on the chromosome. The number of (co)variances 

among random regression coefficients were [pn(pn+1)]/2; pn×pn are corresponding 

dimensions of each of the four covariance matrices.  

 

For actual live weights and the four simulation scenarios, RR analyses were performed using 

ASReml on (1) untransformed phenotypes, fitting heterogeneous residual variances, and (2) 

log-transformed phenotypes, assuming homogeneous residual variances. In both approaches, 

all time-dependent random effects described in the full model equation were considered. 

 

Prior to fitting a QTL, the Likelihood Ratio (LR) test was used to assess the significance of 

Simulation 

Scenario
1
 

 

σ
2

day0
2
 

 

σ
2

day100
3
 

 

σ
2

day252
4
 

Change in QTL variance 

over time 

QTLconstant 0.0018 0.0018 0.0018 None 

QTLhigh_low 0.0013 0.00045 4.5x10
-8

 Decreasing with time 

QTLlow_high 5x10
-5 

0.00045 0.0018 Increasing with time 

QTLmidpoint 0.0002
 

0.0018 2.5x10
-7

 Intermediate maximum 



random effects across nested models with varying RR orders for each effect. The optimal RR 

model was then used in models fitting a QTL effect for each chromosome studied, again 

assessing the significance of QTL fitted with different RR orders using LR tests. For each 

RR model that included the QTL effect, the likelihood of the full model was maximised 

every 5cM for the QTL effect in Blackface live weight analyses and every 1cM in simulation 

studies. The (co)variances at each time point were estimated for each time-dependent random 

effect from the chosen full model, and inter-age genetic correlations calculated. 

Results and discussion 

Using the growth model approach to analyse actual live weights over time, QTL on different 

chromosomes were found to be significant at distinct growth stages. Additionally, QTL 

significance and effects varied with age, with QTL for growth rate often occurring earlier 

than the equivalent QTL for live weight (Figure 1; Hadjipavlou & Bishop 2009).  
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Figure 1: Across-age significance of QTL on OAR3 (left) and OAR20 (right) for live 

weights and/or growth rates predicted at weekly intervals using the Gompertz curve. 

Chromosome-wide and nominal (single test) significance thresholds are also shown (P-

value<0.05; pink and black dashed lines, respectively).  
 

Analysis of the simulated dataset with the Gompertz curve succeeded in capturing 16 out of 

18 simulated QTL with one false positive (Hadjipavlou et al. 2010). Overall, detecting QTL 

for growth descriptors obtained from the Gompertz model performed better than univariate 

regression mapping using simulated phenotypes at each time point. It also provided statistical 

support for growth QTL whose significance and variance changed with time. This was true 

despite that the logistic growth curve had been used to simulate the QTL (Costar et al. 2010).  

 

When the Blackface live weights were analysed using RR approaches, model choice proved 

complex upon inclusion of QTL as a time-dependent effect. RR modelling of untransformed 

weights led to apparent detection of significant age-dependent QTL on four chromosomes 

when high RR orders were fitted for the QTL. However, almost identical patterns of QTL 

test statistics and similar QTL variance trajectories over time were obtained on these 

chromosomes. These outcomes seemed implausible based on observed genetic correlation 

patterns over time (Table 2) and did not correspond with the QTL trajectories described on 

the chromosomes using the growth curve approach (Hadjipavlou & Bishop 2009). 

Convergence problems arose when a QTL effect was included in RR models fitted to 

transformed phenotypes, and interpretation of the results remained ambiguous.              



Table 2: Genetic correlations between live weights at various ages predicted using 

chosen RR models without fitting QTL effects
1
 

Day 0 28 56 84 112 140 

0 1 0.60 0.42 0.34 0.30 0.29 

28 0.83 1 0.98 0.94 0.91 0.84 

56 0.51 0.91 1 0.99 0.97 0.91 

84 0.24 0.75 0.96 1 0.99 0.95 

112 0.05 0.60 0.88 0.98 1 0.98 

140 -0.07 0.50 0.82 0.95 0.99 1 
1Correlations determined from modelling untransformed and transformed phenotypes given in lower and upper 

diagonal, respectively. 

 

RR analyses of simulated data overall provided more comprehensible results than the study 

of actual live weights, in terms of quantifying QTL significance and predicting changes of 

variance components over time. However, choosing biologically and statistically optimal RR 

QTL models again proved complex. This study also emphasized the importance of 

accounting for other relevant time-dependent variance components in full RR models. Only 

then did models allow reliable predictions of the QTL variance trajectory over time. Even so, 

QTL variance predictions followed the expected pattern only when the change in QTL 

expression was straightforward. Unless these conditions can be assumed a priori, it seems 

difficult to characterise age-dependent QTL solely from statistically optimal RR models. 

Further, the RR models explored require estimation of many parameters given realistic sizes 

of genetic marker datasets, and over-parameterisation of the models becomes an issue. 

Conclusion 

The approximate parametric growth model approach seems to be a simple and robust method 

for detecting time-dependent QTL. Conversely, the more statistically rigorous procedure of 

random regression appears to be lacking robustness for mapping time-varying QTL for 

longitudinal traits, at least under the data structures investigated. 
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