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Abstract – A longitudinal approach is proposed to map QTL aﬀecting function-valued traits
and to estimate their eﬀect over time. The method is based on fitting mixed random regression
models. The QTL allelic eﬀects are modelled with random coeﬃcient parametric curves and
using a gametic relationship matrix. A simulation study was conducted in order to assess the
ability of the approach to fit diﬀerent patterns of QTL over time. It was found that this longitudinal approach was able to adequately fit the simulated variance functions and considerably
improved the power of detection of time-varying QTL eﬀects compared to the traditional univariate model. This was confirmed by an analysis of protein yield data in dairy cattle, where the
model was able to detect QTL with high eﬀect either at the beginning or the end of the lactation,
that were not detected with a simple 305 day model.
QTL detection / longitudinal data / random regression models

1. INTRODUCTION
Detection of quantitative trait loci (QTL) has been an active field of research
in animal genetics over recent years. Many of the traits of interest in these
studies are measured repeatedly over time. In this paper “time” is used as a
point along the trajectory of a longitudinal trait. Examples are milk production,
fat and protein yields or somatic cell count for dairy cattle, growth curves for
pigs or beef cattle, and age-specific fitness components such as survival and
reproductive output.
In QTL mapping studies, longitudinal traits have generally been modelled as
one record even though it is a function of several measurements recorded over
a time period. This model fits the average QTL eﬀect over time, which might
be appropriate if the eﬀect of the QTL is constant over time. However, QTL
∗
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that are diﬀerentially expressed over time often show a low average eﬀect, and
are as a consequence diﬃcult to identify. Therefore, the statistical power to
detect time-dependent QTL can be increased by using longitudinal models on
repeated records.
There are various examples where the QTL eﬀects are expected to change
over time. In dairy cattle, for instance, the lactation starts with a rapid increase
to a maximum production peak early in lactation and then declines gradually
to the end of lactation. This reflects dramatic changes in the physiological
state of dairy cattle during the lactation, with fluctuating concentrations of hormones, enzymes, and other components that are influencing milk production. It
is likely that these biological components influence the QTL expression, which
will result in non constant QTL eﬀects over time. In fact evidence from polygenic studies suggest that the additive genetic variance changes over lactation
stages for production traits in dairy cattle [2, 7, 18, 24].
Modelling these time-dependent QTL eﬀects are relevant from a biological
perspective of understanding the QTL’s expression pattern over time, as well as
for genetic selection purposes. For instance QTL that only aﬀect milk yield in
late lactation might be more valuable than QTL aﬀecting milk yield only in the
early peak lactation. This is because alleles that increase early peak lactation
are likely to increase the physiological stress due to higher production and
thereby the susceptibility to metabolic and reproductive disorders.
A few other authors have presented methods for longitudinal QTL modelling. Ma et al. [13], as well as Wu and Hou [25], proposed a methodology based on a maximum likelihood approach that requires a quite simple genetic structure of the data: either backcross, F2 or full-sib families.
Rodriguez-Zas et al. [22] proposed to use a non-linear function to model individual production curves in dairy cattle. The parameters of this function have
biological interpretation in terms of peak of production and persistency, and
a QTL analysis was performed on these parameters using single-marker and
interval mapping models. Moreno et al. [19] proposed a model for QTL detection in survival traits.
A longitudinal approach using random regression models for time-varying
QTL has first been presented by Lund et al. [11] for animal populations and
Macgregor et al. [14] in humans. Both model multi-allelic QTL using the random QTL eﬀect model [3, 4]. This method has some advantages over those
previously presented in the literature. First, the direct modelling of QTL effects as a function of time is more flexible than modelling a QTL eﬀect on the
parameters of a specific parametric curve. Consequently, it can be more generally applied to diﬀerent traits and can better model the process of specific
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genes being turned on and oﬀ. Secondly, basing the approach on the mixed
model methodology using the IBD matrix enables the analysis of a range of
diﬀerent genetic structures. In particular, it can handle more general pedigrees,
use linkage and linkage disequilibrium in a fine mapping context [17].
A simulation study was performed by Macgregor et al. [15] to assess QTLdetection power of this approach in human nuclear families. In their study they
simulated a single highly polymorphic marker that was completely linked to
the QTL.
In this paper we chose to focus on a similar longitudinal mixed model approach for genome scan in animal populations. The objectives of this study
were (i) to assess the ability of the approach to fit diﬀerent patterns of QTL
eﬀects over time in a simulated data set, (ii) to verify the hypothesis that the
eﬀects of QTL for protein production in dairy cattle generally change over
time, and (iii) to verify the hypothesis that the power to identify a QTL is
higher for the proposed method than with a traditional univariate method. This
was investigated in a simulation study and a real example of protein yield in
dairy cattle.

2. MATERIALS AND METHODS
As in the traditional quantitative genetics model for analysing functionvalued traits, it is assumed that the observed phenotypic character is a random
variable Y(t) and can be decomposed as:
Y(t) = μ(t) + g(t) + p(t) + e(t)

(1)

where μ(t) are the fixed eﬀects, which include the mean curve in the population, p(t) are the permanent environmental eﬀects and e(t) is the residual term.
The residuals are assumed to be independent but their variances can change
with time. The genetic eﬀects g(t) are assumed to be decomposed into a sum
of the QTL allelic eﬀects qi (t) and the remaining polygenic eﬀects u(t):
g(t) =

Nqtl


qi (t) + u(t).

(2)

i=1

The random variables qi (t), u(t) and p(t) are assumed to be stochastic Gaussian
processes, with mean zero and covariance functions Ki (t, s), G(t, s) and E(t, s)
between times t and s, respectively. In the equation above Nqtl represents the
total number of QTL with additive eﬀects to be detected. In the examples below, this number of QTL will be equal to one but the model can readily be
applied to a larger number of additive QTL eﬀects.
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Random regression models [1] are based on a direct parametric modelling
of the individual curves. The most commonly used functions of time are orthogonal polynomials that have interesting numerical properties, but any other
parametric functions of time can be used. For a quadratic polynomial, the allelic eﬀects of the ith QTL for individual k will be modelled as:
qik (t) = aik + bik t + cik t2 = Φ qik

(3)

where qik = (aik , bik , cik ) are random variables following a multivariate normal
distribution with mean zero and covariance matrix K0i of dimension (3 × 3) ,
and Φ = (1, t, t2 ). The covariance function for the ith QTL will be deduced
from the estimated covariance parameters of K0i and the time vectors [5, 9]
as Ki = ΦK0i Φ . Diﬀerent parametric functions can be used to model each
eﬀect of the model (QTL, polygenic and environmental eﬀects). Likelihood
ratio tests can be used to test the significance of the polynomial coeﬃcients for
each of these eﬀects to determine the most appropriate order.
In matrix notations, the random regression mixed model including QTL effects assuming a homogeneous residual variance can be written as:
y = Xβ +

N qtl


W qi + Z 1 u + Z 2 p + e

(4)

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, W qi, Z 1 u and Z 2 p are the random deviations
from the fixed curve due to allelic eﬀects of the ith QTL, polygenic and permanent environmental eﬀects. Vector qi is of dimension 2Ng p1 , where Ng represents the number of animals included in the gametic matrix and p1 the number
of random regression coeﬃcients used to model the QTL eﬀect. Vector u is, as
in classical polygenic analyses, of dimension Na p2 , where Na is the number of
animals in the relationship matrix and p2 is the number of random regression
coeﬃcients used to model this polygenic eﬀect. The permanent environmental
vector p is of dimension N p p3 , where N p is the number of animals with records
and p3 is the number of random regression coeﬃcients used to model this permanent environmental eﬀect. Matrices W, Z 1 , and Z 2 are design matrices with
covariates of the curve. The random vectors qi , u, p and e are assumed to
be independent of each other and to follow multivariate normal distributions:
qi |M, ci ∼ MV N(0, K0i ⊗ Qi|M, ci ), u ∼ MV N(0, G0 ⊗ A), p ∼ MV N(0, P0 ⊗ I)
and e ∼ MV N(0, Iσ2e ), where K0i, G0 and P0 are variance-covariance matrices
among random regression coeﬃcients. Matrix A is the additive genetic relationship matrix and Qi |M, ci is the gametic relationship matrix of the allelic
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eﬀects at the ith QTL conditional on marker data (M) and the position (ci )
on the chromosome. The gametic relationship matrix was calculated by the
recursive algorithm proposed by Wang et al. [23].
Calculation of the IBD matrices and REML estimation of variance components were obtained with the software package DMU [16]. Maximising a
sequence of restricted likelihoods over a grid of specific positions provides a
likelihood profile of the QTL position. QTL detection was performed with a
likelihood ratio test at the most likely position.

3. SIMULATION STUDY
The aim of the simulation study was to assess the ability of longitudinal
models to fit diﬀerent patterns of QTL eﬀects over time and to compare their
power of detection to traditional univariate methods.
3.1. Model used to simulate the data
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. Information contained in the simulated marker map was close to a microsatellite
map. For each sire, daughter yield deviations (DYD) were calculated at 55 time
points. DYD were based on 100 daughters and each had 11 test-day records
with 30-day intervals. Among the 100 daughters, 20 had their first test-day on
days 5, 10, 15, 20, and 25.
A cubic Legendre polynomial was used to simulate the polygenic eﬀect for
each sire, as well as the Mendelian eﬀect of each daughter. Several diﬀerent
parametric functions were considered for the allelic eﬀect over time of the
QTL, as described below. The fixed curve was assumed constant and the model
used to simulate the data can be written as:
⎛ 20
⎞
⎟⎟
1 ⎜⎜⎜⎜
⎜⎝⎜ ( f (t)q sl + Φ(t)u s + Φ(t)ml + e sl (t))⎟⎟⎟⎠⎟
(5)
DYDs (t) =
20 l=1
where DYDs (t) is the daughter yield deviation for sire s at day t. The term qsl
is the eﬀect of the paternally inherited QTL allele of daughter l, and f (t) is
the parametric function of time used to describe the allelic eﬀect over time.
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The additive polygenetic eﬀect u s (t) = Φ(t)u s and the Mendelian eﬀect of
daughter l at time t (ml (t) = Φ(t)ml ) were simulated according to a random
regression model, where Φ(t) = (φ0 (t), φ1 (t), φ2 (t), φ3 (t)) are the coeﬃcients
of a normalised third order (i.e. cubic) Legendre polynomial at time t, and
u s = (u0s , u1s , u2s , u3s ) and ml = (m0l , m1l , m2l , m3l ) are the associated random
coeﬃcients assumed to follow multivariate normal distributions. The residual
term e sl (t) was assumed to be normally distributed with mean zero and a constant variance over time.
Parameter values for the polygenic and Mendelian covariance functions, as
well as for the residual variance, were those estimated by Jakobsen et al. [7]
on a real data set on protein yield in dairy cattle.
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 (Fig. 1a) and was assumed to be about 20% of the total genetic
variance. In the second scenario, an initially large eﬀect declined gradually,
and the eﬀect was minimal in the second half of the time period (Fig. 1b). An
incomplete Gamma function was used to simulate this pattern. The average
QTL eﬀect was smaller than in the first scenario. In the third scenario, the
eﬀect of the initially positive allele declined gradually to become negative in
the second half of the time period, while the initially negative allele became
positive (Fig. 1c). A piece-wise incomplete Gamma function was used for this
third scenario. The average QTL eﬀect over the time period was equal to zero
although the individual QTL allelic eﬀects were quite large at the beginning
and at the end of the period.
Figure 2a shows the variance functions of the QTL allelic eﬀects in the
three scenarios. The polygenic and residual variances were the same for all
scenarios, and are shown in Figure 2b.

3.2. Analysis of the simulated data
For each scenario 100 replicates were simulated as shown above. Replicates were analysed using a random regression model with a cubic Legendre
polynomial for QTL, polygenic and residual eﬀects. In each replicate two likelihood ratio tests were performed to test if the QTL was identified using the
random regression model and the traditional 305d model. Under both models,
the marker haplotypes were assumed known for grandsires, when the gameticrelationship matrix was calculated. The restricted log-likelihoods were maximised using an Average Information REML procedure [8]. The maximisation
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Figure 1. Eﬀect of the two alleles of the biallelic QTL in the three scenarios for the
simulated data. These eﬀects are expressed as deviations from the fixed curve over
time (days).
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Figure 2. Variance function over time (days) in the three simulated scenarios due to
the QTL (a) and residual and polygenic eﬀects (b). These figures are on the same scale
and can therefore be compared.

was performed every 3 cM over the simulated 100 cM interval. Data were analysed with a multiple allele model, although the simulated QTL was biallelic.
For the random regression model, the likelihood ratio test statistic was
LRT1 = L1/L2, where L1 and L2 are the maximum values of the restricted log-likelihood under the models DYD = μ + W q + Zu + e and
DYD = μ + Zu + e, where q represents the QTL allelic eﬀects, u the polygenic
eﬀect, W and Z are the incidence matrices. The polygenic eﬀect was simulated
according to a third order Legendre polynomial. It is therefore expected that
this eﬀect will be perfectly fitted with this random regression model. The QTL
eﬀect was simulated according to three diﬀerent parametric functions of time,
as presented above.
In the 305d test, DYDmean for son s was calculated as the mean of his
55 DYD. The likelihood ratio test statistic was LRT2 = L3/L4, where L3 and
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Table I. Statistical power of tests for the QTL detection in the simulation study in
the three diﬀerent scenarios with a 305d model and a third order random regression
(i.e. number of times the simulated QTL was detected over 100 simulations).
305d
Random regression

Scenario 1
62
67

Scenario 2
16
95

Scenario 3
6
98

L4 are the maximum values of the restricted log-likelihood under the models
DYDmean = μ + W q + Zu + e and DYDmean = μ + Zu + e. Under the 305d
models the random polygenic and QTL allelic eﬀects are multivariate normally
distributed such as: u ∼ N(0, σ2a A) and q|M, c ∼ N(0, σ2q Q|M, c), where M
corresponds to the marker data and c to the position on the chromosome. For
each of the 100 simulated replicates, the test statistic was compared to the
5% empirical threshold found by simulation over 500 replicates under the null
hypothesis.
3.3. Results on simulated data
The statistical power of the tests was calculated as the proportion of the
100 tests that were significant within each scenario and model type. As expected, when the QTL eﬀect was constant over time the power of the two
models was comparable. On the contrary, in scenarios 2 and 3, where the
QTL eﬀect was changing over time, the diﬀerences were substantial. In fact,
as shown in Table I, for the second scenario where the QTL allelic eﬀects were
large during the first half of the period and nearly null during the second half,
the QTL was detected in 95 percent of the cases with the random regression
model and only 16 percent of the time with the 305d model. The diﬀerence
was even more pronounced for the third scenario where the average eﬀect of
the two alleles was zero, although each allele had an important eﬀect varying
during the whole time period. In this case, a considerable improvement was
achieved using a longitudinal model compared to a 305d analysis. Indeed, the
QTL was detected here in 98 percent of the cases with the random regression
model and only 6 percent of the time with the 305d model.
Given the estimated parameters of the random regression model, the variances can be calculated over time [9]. 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. Differences observed for the first scenario are due to the fact that, in this case,
since the QTL eﬀect was assumed to be constant over time, a constant term
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Figure 3. Curves of simulated (squares) and mean of estimated (triangles) variance
functions of QTL allelic eﬀects over time in scenario 1 (a), scenario 2 (b), and scenario 3 (c).
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would have been more appropriate than a cubic polynomial. In fact, as already shown in previous studies [5], high order polynomials tend to become
extremely ‘wiggly’ and may not adequately fit simple covariance structures. In
practical cases, a likelihood ratio test can be performed to determine the most
appropriate order of the polynomial.
In the two other scenarios, however, when the QTL eﬀect was assumed to
change with time, the variances were well estimated with the random regression model. Indeed, for the second simulated scenario, Figure 3b shows that
the random regression model was able to predict that the QTL eﬀect was the
largest at the beginning of the time period. Similarly, Figure 3c shows that,
for the third scenario, the model adequately predicts a larger QTL eﬀect at the
beginning and at the end of the time period. These estimations would be very
useful for genetic selection.
It has to be pointed out, however, that the proposed longitudinal model will
allow an increase of the detection power only if the QTL eﬀect is suﬃciently
large at least during some parts of the time period. A time-varying QTL with
a small eﬀect during the whole lactation period will in fact not be detected.
On the contrary, if the time-varying QTL has a quite large overall eﬀect it will
also be detected by the traditional 305d model. In this case, the improvement
reached with the longitudinal model will be the estimation of the QTL eﬀect
over time, which will allow to know during which parts of the time period it
has the largest eﬀect.

4. APPLICATION ON REAL DATA
In the dairy cattle breeding context, the use of test-day models to directly
analyse monthly (or even daily) milk production measurements is now used in
many diﬀerent countries for genetic evaluation. It allows having more precise
genetic value estimations but also to select for the shape of the lactation curve
in order to improve, for instance, persistency. In these longitudinal models, the
polygenic eﬀect of each individual is assumed to be changing with time, as
well as its variance and correlation functions. It is similarly expected in QTL
analyses that these specific genes will also have an eﬀect changing over time.
Here, protein yield was used as an illustration of a longitudinal QTL detection
analysis.
4.1. QTL eﬀect on protein yield in dairy cattle over the lactation
A granddaughter design was used with 19 grandsires and 1394 sons. Seven
chromosomes were scanned, which all had been previously reported in the
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literature to carry QTL for protein yield. For each chromosome, 4 to 12 markers were available. The exact names and positions of the markers for each
chromosome are available upon request from the first author.
All production data from the Danish HF database were used to calculate
DYD for each genotyped son. The model used for the DYD calculation is presented in detail by Lidauer et al. [10]. The only diﬀerence here is that the stage
of lactation was modelled with fixed regression terms, as in Lidauer et al. [10],
but nested within year*month of the test day. Two types of DYD for Danish
Holstein bulls were produced. The first were based on 305 day records and
produced one DYD per sire. The second were based on test day records and
produced time dependent DYD in 10 day intervals, resulting in about 30 measurements along the lactation period (5 to 305 dim) for each sire.
Longitudinal QTL analyses were performed. Five diﬀerent models were
compared for QTL detection. All five models include fixed, polygenic and
QTL eﬀects. For the simple 305 day model, all the eﬀects were assumed to be
constant. Four diﬀerent random regression models were then considered. For
all of them, a third order Legendre polynomial was used for fixed and polygenic eﬀects. Four diﬀerent orders of Legendre polynomials were used for the
QTL eﬀect over time: from a simple random intercept to a cubic Legendre
polynomial.
For each chromosome, the likelihood profile for the QTL detection was obtained by maximising the likelihood every 3 cM. At the most likely position
on each chromosome a likelihood ratio test was performed. At present, a naive
chi-square test was used since the mixture of chi-square correction is not readily applicable to compare the RR2 or RR3 model to the ‘no QTL’ model. The
degrees of freedom of the tests were calculated as the diﬀerence between the
number of parameters in the null model (with no QTL eﬀect) and the longitudinal model. The results presented here will therefore be slightly too conservative, but this should not alter the main aim of this study which was to compare
the 305 day model to various random regression models for QTL detection.
The QTL variance functions were estimated over the lactation to see at which
periods of time the QTL eﬀect is likely to be the most important.

4.2. Results
Likelihood ratio test statistics for the seven scanned chromosomes for different orders of Legendre polynomials for the QTL eﬀect are given in Table II. The chromosomes were chosen based on QTL detection for protein
yield found in the literature. On this data set, however, the simple 305d model
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Table II. Likelihood ratio test statistics of a 305 day model and random regression
models from a simple random intercept (RR0) to a third order Legendre polynomial
(RR3) for QTL eﬀects. (Significant at 5% (*) and 1% (**) nominal levels from a
chi-square test. nc: not converged.)
BTA
9
10
14
20
23
26
27

305d
0.9
1.1
3.9*
0.2
0.1
2.5
0.0

RR0
0.0
0.1
7.9**
1.1
0.0
3.4
1.1

RR1
0.6
8.6*
8.4*
9.8*
nc
5.4
9.8*

RR2
9.3
8.8
nc
10.0
nc
11.9
nc

RR3
12.4
10.4
7.2
10.2
5.2
13.6
10.6

Figure 4. QTL variance functions over time at the maximum likelihood estimates
for the seven chromosomes for the protein yield data in dairy cattle. QTL explained
maximum 8% of the total genetic variance.

did not show enough power to detect any QTL for most of these chromosomes.
It was found, in this example, that the use of longitudinal models allowed to increase the power of detection. This was especially observed on chromosomes
10, 20 and 27 for which QTL were not found significant with a 305 day model,
but were detected with a first order Legendre polynomial. The QTL variance
functions given in Figure 4 for these chromosomes show that the QTL on chromosome 20 has a higher eﬀect at the end of the lactation than at the beginning
and it is the contrary for the QTL detected on chromosome 27. For chromosome 10, the QTL has a quite large eﬀect both at the beginning and the end of
the period while it is very small in the middle of the lactation.
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As shown in Figure 4, many QTL were found to have a large eﬀect either at
the beginning or the end of the lactation period and very little over 305 days.
For the first group, they could be genes that contribute to high physiological
stress in the beginning of the lactation and might be most valuable as information on QTL with pleiotropic eﬀects on disease resistance. Such pleiotropy will
have to be verified in multiple trait analyses with functional traits. On the contrary, QTL with high eﬀect at the end of the lactation will be more important
for persistency.
On chromosome 14, the QTL that was already detected with a 305 day
model was confirmed with the random regression model. Estimation of its variance over time (see Fig. 4), shows that its eﬀect is large and nearly constant all
over the lactation period. It has to be emphasised, however, that the DGAT1
region was not covered here with markers which explains why the likelihood
ratio test statistics were not larger for this chromosome.
Table II shows that, for some QTL, the longitudinal eﬀect was however quite
diﬃcult to model and required a high order polynomial, and therefore a large
number of covariance parameters. This was especially the case for the QTL on
chromosome 9 that was best described by a third order Legendre polynomial.
Due to the large number of parameters involved, the likelihood ratio test for
the presence of a QTL was not found significant although the eﬀect of this
QTL seems to be very large as shown in Figure 4. For this QTL, it might be
useful to try using more parsimonious longitudinal models, although the shape
of its variance and correlation functions might still be diﬃcult to model with
few parameters.
This study showed that the use of random regression models increased the
power of detection of QTL that had a high eﬀect for some parts of the lactation
but not the whole period. They also allow to see in which time periods the
eﬀect of the QTL is the most important, which will be most useful for selection
to improve the shape of the lactation curve. The large number of parameters
involved in high order polynomials may, however, reduce the detection power
when the QTL eﬀect is not large enough. This can be observed for example
in Table II for chromosome 14 with a third order Legendre polynomial. It is
therefore important to choose the most adequate polynomial order for each
QTL to avoid overfitting.

5. DISCUSSION
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.
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An example is the 305 day 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 [2, 24].
The results presented in this paper showed that the novel QTL-mapping
method, based on longitudinal models, provides an appropriate and powerful
tool to detect QTL aﬀecting traits that are measured repeatedly over time. As
shown in the simulation study, the power to detect QTL increases substantially
compared to a standard 305d analysis, especially when the QTL-allelic eﬀects
change over time. This is because, in the 305d model, the eﬀect is averaged
over the whole period, and may thereby not be large enough to be detected. On
the contrary, the longitudinal models estimate the QTL variances and correlations at all time points and uses the information of the QTL eﬀect in each part
of the time period.
Analysis of the protein yield data in dairy cattle confirmed these results since
QTL with high eﬀect at the beginning or the end of the lactation and very low
in the middle of the period were not detected with the simple 305 day model
but were found significant with the longitudinal approach. The use of these
models will therefore allow to detect new QTL that can have very important
impact on persistency, for instance, which is of particular interest to breeders.
Moreover, the methodology proposed here could be applied in marker assisted
selection and would bring much more precision in the genetic values as more
information is taken into account.
An issue still needs to be investigated, however, concerning the distribution of the likelihood ratio test statistics under the null hypothesis to detect
the presence of the QTL. In fact, in the real data analysis presented here a
naive chi-square distribution was assumed since the mixture of chi-square distributions are not known in the general case when a longitudinal QTL model
is used. Permutations are usually recommended to determine the significance
threshold but they can be in practice very computationally demanding and
time-consuming. More theoretical research is therefore required to find the
analytic distribution of the likelihood ratio test statistics for these longitudinal
QTL models.
As shown in the real data analysis, high order polynomials may be required
for the modelling of some QTL eﬀects. In this case, the large number of parameters involved can prevent from detecting the QTL since the likelihood ratio
test may not appear significant. This problem might be overcome by the use
of more parsimonious longitudinal models such as character process [5, 20],
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or structured antedependence models [6]. This issue will be investigated in
further studies.
Our approach can easily be extended to multiple QTL detection as investigated for single value characters by Lund et al. [12] as well as to the analysis of
multiple correlated function-valued traits such as milk production, protein and
fat contents. This QTL mapping approach can also be extended to the analysis
of binary or categorical traits, as proposed by Pletcher and Jaﬀrézic [21] in
polygenic models.

6. CONCLUSION
This study showed that the proposed model allowed to increase the power of
QTL detection when the QTL eﬀect was overall too small to be detected with
classical methods but was still quite large during some part of the time period.
The proposed methodology also allows to have a more precise estimation of
the QTL eﬀects over time. The longitudinal QTL approach therefore seems to
be a promising area of research for future studies in livestock populations.
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