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INTRODUCTION 
In QTL mapping studies, traits have often been defined as one record even though it is a 
function of several measurements recorded over a time period. An example is the 305 days 
milk yield, which is a weighted sum of a number of measurements recorded over the lactation. 
Using the sum may be reasonable if the genetic influence is constant over time. However, 
studies have shown that correlations between measurements differ over the lactation (e.g. 
Meyer et al. 1989; Pander et al. 1992; Swalve 1995; Jakobsen, et al. 2000). One reason could 
be that physiological state of animals change greatly over the lactation, such that different 
genes are limiting factors, and therefore, are particularly important in certain periods of the 
lactation. Therefore, it can be important to model the different genotypes’ deviation from a 
fixed curve over time. This will provide important biological information on the expression 
pattern/effect over time, and thereby assess the relevance for selection purposes. Furthermore, 
the statistical power to detect QTL is expected to be higher compared to a traditional univariate 
analysis, particularly if the effect of a QTL varies over time.  
A model that allows the covariance between measurements to change gradually over time can 
be defined using covariance functions. A linkage model that is particularly suited in this 
framework is the random QTL model (Fernando and Grossman 1989; Grignola et al. 1996) 
because it models the (co)variances between QTL allelic effects. These random allelic effects 
can be regressed on the curve parameters in the same way as additive polygenic effects, such 
that curve shape depends on QTL genotypes.  
The objectives of this study were to (i) develop a linkage analysis method for random 
regression models, (ii) assess the ability of the approach to fit different patterns of QTL effects 
over time, (iii) asses the power to identify a QTL compared to a traditional univariate method. 
 
MATERIAL AND METHODS 
The random regression mixed model including QTL effects can be written as:  

y = Xβ  + Z1p + Z2u + Wqi + e,       (1) ∑
=

nqtl

i 1

where y  is a vector of length n with observations taken at different time points,  β is a vector of 
effects describing the fixed curve over time, X is a design matrix relating fixed effects to 
records, Z1p, Z2u, and Wqi are the random deviations from the fixed curve due to permanent 
environmental effects, polygenic effects, and allelic effects of the ith QTL, p (dimension np1×r), 
u (np2×r), and qi ( (2×np3)×r) entail the random regression coefficients, and Z1, Z2, and W are 
design matrices with covariates of the curve. The random regression coefficients p, u, and q, 
and e are assumed to be multivariate normal distributed as: p~MVN(0, P0⊗I ),  u~MVN(0, 
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G0⊗A ), qi|M,pi~MVN(0, K0i⊗Qi|M,pi i), and e~MVN(0, Iσe
2), where P0, G0, and K0i are 

variance-covariance matrices among random regression coefficients. A is the additive genetic 
relationship matrix and Qi|M,pi is the gametic relationship matrix of the allelic effects at the i'th 
QTL conditional on marker data (M) and the position (pi) on the chromosome. The gametic 
relationship matrix was calculated by the recursive algorithm in Wang et al. (1995). 
 
Simulations. The simulated pedigree was based on a small granddaughter design consisting of 
20 unrelated grandsires each having 20 sons (referred to as sires). The linkage map consisted of 
11 biallelic marker loci with 10 cM between each locus. A biallelic QTL was positioned in the 
midpoint between the third and fourth marker. In all loci, allele frequencies were assumed to be 
0.5. 
For each sire, daughter yield deviations (DYDs) were calculated at 55 time points. DYDs were 
based on 100 daughters, which each had 11 test-day records with 30-day intervals. Of the 100 
daughters, 20 had their first test-day on days 5, 10, 15, 20, and 25. The DYDs for sire i on day j 
(DYDij) were simulated using the following model that assumes the fixed curve to be constant 
over time: ( )( )ijkijkijkk

20

1l iij ejfwLPwmLPa½201DYD +×++×= ∑ =
. The terms ai×LPj and 

ml×LPj are the polygenic effects (deviation from the fixed curve) of sire i and the mendelian 
effect of daughter l at time j. The vectors ai=(a0i,a1i,a2i,a3i) and ml=(m0l,m1l,m2l,m3l) include 
polygenic regression coefficients, and LPj=(LP0j,LP1j,LP2j,LP3j) the coefficients of a 
normalised fourth order Legendre polynomial at time j. The term wijk×f(j) is the effect of the 
paternally inherited QTL allele of daughter l at time j. The function f(j) describes the allelic 
effect over time.  
 
Three different scenarios were simulated which differed in the pattern of the QTL effect over 
time. In the first scenario, the QTL effect was constant over time (Figure 1 a). In the second 
scenario, an initially large effect declined gradually, and in the last half of the time period the 
effect was minimal (Figure 1b). In the third scenario, the effect of the initially positive allele 
declines gradually, and becomes negative in the last half of the time period, while the initially 
negative allele becomes positive (Figure 1 c).  
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Figure 1. Effect of the two alleles in the biallelic QTL in the three scenarios. Effects are 
expressed as deviations from the fixed curve over time (days)  
 
Figure 2a shows the QTL variance in the three scenarios. Polygenic and residual variances 
were the same for all scenarios, and are shown in Figure 2b. 
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Figure 2. Variance around the fixed curve over time (days) in the three simulated 
scenarios due to the QTL (a) and residual and polygenic variances (b) 
 
Analysis of simulated data. For each scenario 100 replicates were simulated as shown above. 
In each replicate two likelihood ratio tests were performed to test if the QTL could be 
identified using a random regression model and a traditional univariate model. Under both 
models, the marker haplotypes were assumed known for grandsires, when the gametic-
relationship matrix was calculated. The restricted log likelihoods were maximised using an 
Average Information REML procedure (Jensen et al. 1997). 
 
Random Regression. The likelihood test statistic was LT1=L1/L2, where L1 and L2 are the 
maximum values of the restricted log likelihood under the models DYD=µ+Zu+Wq + e and 
DYD=µ+Zu+e. For the random polygenic and QTL allelic effects, the 4th order normalised 
Legendre polynomials were used. Two differences compared to the simulation model are that 
multiple alleles were assumed, and a different function of allelic effects over time was used. In 
each case, the test statistic was compared to the 5% empirical threshold found by simulation.  
 
Univariate. In the univariate test, DYDmean for son i was calculated as the mean of his 55 
DYDs. The likelihood test statistic was LT2=L3/L4, where L3 and L4 are the maximum values 
of the restricted log likelihood under the models DYDmean = µ + Zu + Wq + e and DYDmean = 
µ + Zu + e. Under the univariate models the random polygenic and QTL allelic effects are 
multivariate normally distributed u ~ MVN (0, Aσ2

a) and q|M,p ~ MVN (0, Qi|M,piσ2
q). In each 

case, the test statistic was compared to the 5% empirical threshold found by simulation. 
 
RESULTS  
Power. The statistical power of the tests was calculated as the proportion of the tests that were 
significant within each scenario and model type (Table 1). When the QTL effect was constant 
over time the power of the two models were comparable. However, in scenario 2 and 3, where 
the QTL effect varies over time the difference were substantial.  
 
Table 1. Statistical power of tests over different scenarios and models 
 

 Scenario 1 Scenario 2 Scenario3 
Univariate 62 16 6 

Random Regression 67 95 98 

Session 21. Detection of QTL Communication N° 21-28 



7th World Congress on Genetics Applied to Livestock Production, August 19-23, 2002, Montpellier, France 

Variance estimation. Given the estimated parameters, the variances can be calculated over the 
trajectory of time as well as covariances between any combination of time points (Kirkpatrick 
et al. 1990). Figure 3 shows the average of the estimated curves of QTL variance over time 
over 100 replicates in the three scenarios, as well as the curves based on simulation input 
parameters.  
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Figure 3. Curves of simulated (squares) and mean of estimated (triangles) variance of 
QTL effects over the time period in scenario 1 (a), scenario 2 (b), and scenario 3 (c) 
 
DISCUSSION 
Results show that the novel QTL-mapping method, based on a random regression model, 
provides an appropriate and a very powerful tool to detect QTL affecting traits that are 
measured repeatedly over time. 
The power to detect QTL increase substantially compared with a univariate analysis, especially 
when the QTL-allelic effects change over time. This is because the effect is averaged over the 
whole period in the univariate model, and is thereby not large enough to be detected. The 
random regression model estimates the QTL variance at all time points and utilises the large 
effect in parts of the period. 
The method can provide important biological information on the expression pattern/effect over 
time. Generally, the shapes of the estimated curves agree very well with the simulated curves. 
The exceptions are a slight overestimation of QTL variance in scenario 1, and a slight 
underestimation in the end of the time period in scenario 3. In each case, the polygenic 
variance showed a bias in the opposite direction. These biases could be due to the differences 
in models used for simulation and analysis, or because fourth order Legendre polynomials were 
not sufficient to fit the curves in all replicates.  
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