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Abstract Without consideration of other linked QTLs

responsible for dynamic trait, original functional mapping

based on a single QTL model is not optimal for analyzing

multiple dynamic trait loci. Despite that composite func-

tional mapping incorporates the effects of genetic back-

ground outside the tested QTL in mapping model, the

arbitrary choice of background markers also impact on the

power of QTL detection. In this study, we proposed

Bayesian functional mapping strategy that can simulta-

neously identify multiple QTL controlling developmental

patterns of dynamic traits over the genome. Our proposed

method fits the change of each QTL effect with the time by

Legendre polynomial and takes the residual covariance

structure into account using the first autoregressive equa-

tion. Also, Bayesian shrinkage estimation was employed to

estimate the model parameters. Especially, we specify the

gamma distribution as the prior for the first-order auto-

regressive coefficient, which will guarantee the conver-

gence of Bayesian sampling. Simulations showed that the

proposed method could accurately estimate the QTL

parameters and had a greater statistical power of QTL

detection than the composite functional mapping. A real

data analysis of leaf age growth in rice is used for the

demonstration of our method. It shows that our Bayesian

functional mapping can detect more QTLs as compared to

composite functional mapping.

Introduction

Dynamic traits, the phenotypes of which change with time

or the quantitative factors, are often encountered in the

plant, animal and human research fields. From the point of

view of classical quantitative genetics, researchers found

that not only the dynamic point, but also the dynamic

pattern is inherited (Kirkpatrick and Heckman 1989;

Kirkpatrick et al. 1990; Schaeffer 2004). As a result,

genetic analysis of dynamic traits can be conducted by

fitting a dynamic pattern to the phenotypic values across

time points and analyzing the fitted parameters of the

dynamic trajectory under the theory of multivariate anal-

ysis. Subsequently, random regression model (Henderson

1982; Schaeffer 2004) has been developed to dissect the

dynamic phenotype into different functions that describe

the effects of various genetic and environmental factors.

Theoretically speaking, these methods are also suitable for

locating dynamic trait loci by regarding the QTL effects as

whole genetic effects in linecross (Yang et al. 2006, 2007;

Yang and Xu 2007) or a part of them in pedigree popula-

tion (Macgregor et al. 2005). Similar to this idea, Wu and

his colleagues (Ma et al. 2002; Wu et al. 2002, 2003,

2004b) have developed a functional mapping strategy.

The central idea of functional mapping is that the mean

vectors of QTL genotypes in a time interval are modeled by

a biologically meaningful mathematical equation, whereas

the residual covariance matrix is modeled in terms of its
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time series autocorrelation structure (Ma et al. 2002). From

a biological viewpoint, functional mapping is advantageous

because it incorporates fundamental principles behind

biological processes or networks into a QTL mapping

framework. Several attempts have been made to embed

various mathematical and differential equations in the

mapping framework to unravel dynamic changes of genetic

control over a biological or medical trait given its devel-

opmental nature. For example, the Richards growth equa-

tion has been used to model growth trajectories for various

biological entities and bi-exponential curves to approxi-

mate HIV-1 dynamics (Perelson et al. 1996). Emax models

are proposed to fit drug response curve over a range of

concentrations (Giraldo 2003), and power curve is derived

to quantify the power required by a bird to fly at a par-

ticular speed (Tobalske et al. 2003). The parameters in

these equations have particular biological or clinical

means. Thus, the results from functional mapping are

biologically more interpretable and meaningful than those

from general approaches without biological incorporation.

Also, through individual or joint testing for the curves

parameters in functional mapping, many biologically

interesting questions can be answered and addressed at the

interplay between genetic actions and developmental pat-

terns (Wu et al. 2004a). Functional mapping attempts to

estimate mathematical parameters that model the time-

dependent vector of QTL effects and residual covariance

matrix rather than estimate all elements in the vector and

matrix and, therefore, it has the statistical property of

strong robustness due to estimating fewer parameters (Ma

et al. 2002). As functional mapping has been constructed

within the context of simple interval mapping, it has not

considered the situation of separating multiple linked QTL

for a dynamic trait. So far, Yang et al. (2007) have pre-

sented a composite functional mapping framework, which

capitalizes on the strengths of functional mapping and

composite interval mapping (Zeng 1994) to take multiple

QTL into account. Their method used a flexible nonpara-

metric approach based on Legendre polynomials to model

the time-dependent genetic background.

The functional mapping based on either interval map-

ping or composite interval mapping is built mainly on a

single QTL model (Jansen and Stam 1994; Lander and

Botstein 1989; Zeng 1994) and therefore is not optimal to

detect multiple QTLs governing dynamic traits. Although

composite functional mapping took into account the effects

of genetic background outside the QTL interval, the arbi-

trary choice of background marker will affect statistical

power of QTL detection. Moreover, functional mapping

has not been reported under the Bayesian framework. In

this study, we implement Legendre polynomial to model

the change of each QTL effect with time, and the first

autoregressive equation to construct residual covariance

matrix to propose a multiple QTL method to map for

dynamic traits. Bayesian shrinkage estimation method was

adopted to estimate the parameters in the model. Both

computer simulation and analysis of a real data set were

used to demonstrate our method.

Methods

Genetic model for functional mapping

In the mapping population including only two segregating

genotypes at any locus, such as a backcross (BC), double-

haploid lines (DHLs) or recombinant inbred lines (RILs),

phenotypes of repeated measurements in time interval

[t0, tm] are collected and molecular markers with known

linkage map are genotyped for n individuals. Assume that

there are q quantitative trait loci responsible for the

changing trajectory of dynamic traits; the phenotypic value

yi(t) of individual i measured at time t can be then

described by the following multiple QTL model

yiðtÞ ¼ lðtÞ þ
Xq

j¼1

xijbjðtÞ þ eiðtÞ ð1Þ

where, l(t) is the population mean at time t and bj(t) for

j ¼ 1; 2; . . .; q is the effect of the jth QTL at time point t.

Variable xij is a genotype indicator variable for individual

i at locus j and defined as 1 for one genotype and -1 for the

other genotype, and ei is a random environmental error

distributed as Nð0; r2ðtÞÞ.
Utilizing the flexibility and linear additivity of polyno-

mials, we choose the Legendre polynomial of p orders to fit

changing trajectories of the population mean and effect of

each QTL. Let w(t) be the basis of the Legendre polyno-

mial (Yang et al. 2006) and stipulate that l(t) = w(t)l and

bj(t) = w(t)bj, model (1) is then rewritten as

yiðtÞ ¼ wðtÞlþ
Xq

j¼1

xijwðtÞbj þ ei ð2Þ

where, each one of l and bj is a vector of p ? 1

dimensions.

Further, we denote yi ¼ ½ yiðt0Þ yiðt1Þ . . . yiðtmÞ� T
as (m ? 1) 9 1 column vector for the repeated measure-

ments of the dynamic traits and define w ¼
wTðt0Þ wTðt1Þ � � � wTðtmÞ
� �

as (p ? 1) 9 (m ? 1)

matrix. In matrix notation, model (2) becomes

yi ¼ wTlþ
Xq

j¼1

xijw
Tbj þ ei ð3Þ

where ei ¼ ½ ei0 � � � eim �T is a (m ? 1) 9 1 vector for

the residual errors with a multivariate normal distribution
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Nð0;
P

eÞ. Following the idea of functional mapping, a

series of stationary and non-stationary time series models

can be used to structure the residual covariance
P

e; the

simplest choice is the first-order auto-regressive model

with

Re ¼

1 qt1�t0 � � � qtm�t0

qt1�t0 1 � � � qtm�1�t0

..

. ..
. . .

. ..
.

qtm�t0 qtm�1�t0 � � � 1

2
6664

3
7775r2

0 ¼ Rqr
2
0; ð4Þ

where q is the first-order auto-regressive coefficient. In the

residual covariance structure, obviously, the residual vari-

ance is the same for the trait at each time interval and the

covariance between different measurements decays in a

proportion of q (0 \q\ 1) purely with time interval.

Bayesian shrinkage estimation of QTL parameters

Based on Bayes’ theorem, given the observed data (Y) the

joint posterior distribution of the parameters (B) can be

calculated by

pðBjYÞ / pðYjBÞpðBÞ

In mapping analysis of dynamic traits, the observed data

are phenotypes y = {yi} for i = 1, 2, ���, n and marker

information (M), and the parameters include population

mean l, QTL regression effects b = {bj}, QTL positions

k = {kj}, prior covariance matrices of QTL regression

effects R = {Rj} for j = 1, 2, ���, q and residual

covariance matrices Re.

The two observed data are conditionally independent

(Sen and Churchill 2001; Wang et al. 2005) so that

pðY jBÞ ¼ pðyjBÞ � pðMjBÞ

where p(y|B) is the likelihood, expressed by

pðyjBÞ ¼
Yn

i¼1

pðyijBÞ / Rej j�n=2

� exp
Xn

i¼1

yi � wTl�
Xq

j¼1

xijw
Tbj

 !T"

�R�1
e ðyi � wTl�

Xq

j¼1

xijw
TbjÞ

#

which arises from the model (1) and corresponding

distribution assumptions. p(M|B) = constant if the

markers are not missing, but for the missing markers

pðMmiss kj iÞ ¼
Yq

i¼1

pðMmissMflanking kij Þ
pðMflanking kj iÞ

which is derived from a Markov model under the

assumption of no segregation interference.

p(B) contains the prior distribution for each unknown

parameter that needs to be specified beforehand.

Specification of priors

In the Bayesian shrinkage analysis, the number of QTLs, q,

is treated as a constant. Generally, at most one QTL is

allowed within each marker interval. As a result, the

maximum number of QTL is equivalent to the number of

marker intervals. Empirically, the length of interval where

the QTL may be located should be less than 40 cM under

moderate density of markers in Bayesian shrinkage esti-

mation (see Wang et al. 2005; Yang et al. 2007 for justi-

fication). Thus, prior q [ [h1, h2], where h1 equals the

length of genome divided by 40 cM, and h2 is the number

of marker intervals in the entire genome. For the fixed

effects vector l, there is little knowledge about the priors

and thus p(l) ? constant. According to the Bayesian

shrinkage estimation of multiple traits (Xu 2007), the prior

for each QTL regression effect can be considered

as bj*Npþ1ð0; RjÞ with Rj*IW ½vb; ðvbCjÞ�1� for j =

1, 2, ���, q, where, vb is a prior belief and Cj are

(p ? 1) 9 (p ? 1) positive definite scale matrix. Espe-

cially, we adopt a gamma (b, a) distribution with small

positive values of a and b (b � a) as a prior distribution

for q, denoted as pðqÞ / qa�1e�bq. As usual, r2
0 is assigned

to inverted Chi-square distribution IC ve;
1

veSe

� �
with ve and

Se being hyperparameters and pðkjÞ ¼ 1
dj

for j = 1, 2, ���, q,

where dj is the distance between the two neighboring

QTLs.

Conditional posterior distributions and MCMC sampling

To implement Bayesian estimation via the Markov Chain

Monte Carlo (MCMC), all of the conditional posterior

distributions of the parameters need to be derived from the

above joint posterior distribution by the derivative for each

parameter. The marginal posterior distribution of l, given

all other parameters, is multivariate normal with

ðnwR�1
q wTÞ�1wR�1

q

Pn
i¼1 ðyi �

Pq
j¼1 xijw

TbjÞ and covari-

ance matrix ðnwR�1
q wTÞ�1r2

0.

Like l, the conditional posterior distribution of bj is also

normal, whose mean is
Pn

i¼1 x2
ijwR�1

q wT þ R�1
j r2

0

h i�1

wR�1
q

Pn
i¼1 xijðyi � l�

Pq
k 6¼j xikbkÞ and covariance matrix

is
Pn

i¼1 x2
ijwR�1

q wT þ R�1
j r2

0

h i�1

r2
0 for j = 1, 2, ���, q.

The conditional posterior distribution of the covariance

matrix Rj of the random effects is inverse-Wishart with

parameters hb = vb ? p ? 1 and hbCj ? (bj
Tbj)

-1.
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For the residual variance r0
2, the corresponding marginal

posterior distribution is a scaled inverse Chi-square with

parameters n(m ? 1) ? ve and heSe þ ð
Pn

i¼1 eT
i eiÞ�1

,

where he ¼ ve þ nðmþ 1Þ and ei ¼ yi � wT

l�
Pq

j¼1 xijw
Tbj.

As the conditional posterior distribution of autoregres-

sive coefficient does not have a closed form, we embed a

Metropolis–Hastings acceptance or rejection sampling step

in the MCMC scheme to obtain draws for q. Let q be the

current value of autoregressive coefficient. We sample a

proposed autoregressive coefficient q* with the uniform

distribution from the numerical interval [q - d, q ? d],

where d is a small positive number (tuning parameter).

Then, the acceptance probability of q* is

a ¼ pðq�Þ
Qn

i¼1 pðyijq�;B�qÞ
pðqÞ

Qn
i¼1 pðyijq;B�qÞ

;

where B-q represents unknown parameters except for q.

Consider that the genotype of QTL closely depends on

the QTL position. We adopt Metropolis–Hastings algo-

rithm to sample QTL position and relative genotype with

one locus at a time jointly. Each locus is drawn from a

variable interval, the boundaries of which are the positions

of two adjacent QTLs (Wang et al. 2005; Zhang and Xu

2005).

Missing marker genotypes were generated randomly in

each iteration on the basis of the probability inferred from

the nearest non-missing flanking markers and the pheno-

type (Wang et al. 2005). The probabilities from the markers

are treated as the prior probabilities. After incorporation of

the marker (QTL) effects through the phenotype, the

probabilities become the posterior probabilities. These

posterior probabilities are used to generate the missing

marker genotypes.

Given the number of QTLs and the conditional posterior

distributions stated above, the sampling steps implement-

ing the MCMC algorithm are summarized as follows:

(1) Initialize all variables with some legal values or

values sampled from their prior distributions.

(2) Update the population mean, genetic regression

effects for each QTL, covariance matrix for each

QTL, residual variance, autoregressive coefficient,

QTL positions and the genotypes for each QTL.

(3) Impute the genotypes of missing markers.

(4) Repeat steps (2)–(3) until the Markov chain reaches a

given length.

Post-MCMC analysis

The posterior sample, i.e., the realized values of all

unknown parameters, drawn from the joint posterior

distribution can be used to infer the existence of QTL for

dynamic traits and to estimate QTL positions and regres-

sion effects. In general, the marginal posterior distribution

of QTL position is a visual criterion for the existence of

QTL (Sillanpää and Arjas 1998, 1999; Wang et al. 2005;

Yi and Xu 2000a, b). It can be illustrated by using the QTL

intensity profile of the number of hits by sampling values

for position parameter in a short segment (called ‘bin’ and

say a 1- or 2-cM segment) against the genome position. If a

marker interval contains a true QTL, we expect that the

QTL intensity profile within the interval will show a peak.

Otherwise, the profile should be flat. To test the signifi-

cance of QTL, however, we propose to depict the Wald test

statistic profile denoted by T2ðkÞ ¼ bTðkÞV�1ðkÞbðkÞ
where b(k) is the average regression effect of QTL for the

bin located at position k and V(k) is the corresponding

sample covariance matrix for the QTL regression effect at

position k. Under the null hypothesis, i.e., there is no QTL

at position k, T2(k) follows a Chi-square distribution with

ðd þ 1Þ degrees of freedom. The test statistic UkðkÞ ¼ffiffiffiffiffiffiffiffiffiffiffiffi
T2

k ðkÞ
p

, which is a univariate version of the Wald test

statistic, may be further regarded as a univariate test sta-

tistic profile for the kth regression effect (k = 0, 1, ���, p).

When there is no QTL affecting the kth regression effect at

position k, Uk(k) is a random variable of standard normal

distribution. The calculation of these statistics and signifi-

cance tests has been described by Yang et al. (2007) in

detail.

Simulation

We simulated a chromosome segment of 600-cM long,

covered by 61 evenly placed markers (10 cM per marker

interval) in a BC population. Assume that the growth pat-

tern of the dynamic trait is controlled by 10 QTL, whose

positions and effects are listed in Table 1. The Legendre

polynomial of three orders was used to describe the changes

Table 1 QTL parameters used in the simulation experiment

QTL Position b0 b1 b2 b3

1 23 0.00 1.65 2.52 1.20

2 56 2.34 2.08 1.37 1.18

3 148 2.55 1.36 -2.02 -1.27

4 193 1.05 -2.57 1.24 -1.10

5 267 1.12 1.68 1.25 0.00

6 332 2.94 0.00 -1.68 1.72

7 338 1.82 -0.80 -1.20 -0.80

8 476 1.28 -0.50 -1.17 1.32

9 522 2.00 -1.25 0.00 -1.18

10 574 1.75 1.31 -1.45 1.17
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of population mean and QTL genetic effects. The popula-

tion mean was assumed to be l ¼ 45 44 �1 �7½ �T .

Also, the residual variance and the autoregressive coeffi-

cient were assumed to be r2 = 2.0 and q = 0.8, respec-

tively. The dynamic phenotypes were generated at the same

eight time points as in real data using model (3) from n ¼
110 and 150 individuals, respectively. The simulated data

were analyzed using composite functional mapping and

Bayesian functional mapping method, respectively. The

simulations were replicated 50 times to evaluate statistical

power of detecting QTL with the two mapping methods.
In composite functional mapping, the number of

cofactors was assigned as 4 as proposed in Yang et al.

(2007). In Bayesian shrinkage estimation, we took the

number of QTLs to 30, although 10 QTLs were simulated

in each replicated simulation. The actual values for the

hyperparameters used in the data analysis are vb = 1,

C0 = 0.5I with I being the identity matrix, ve = 1 and

Se = 0.5. Theoretically, the initial values of all variables

should be sampled from their prior distributions to ensure

the convergence of Bayesian sampling. Also, Bayesian

sampling for linear model system can easily reach con-

vergence as long as the initial values of regression coeffi-

cients were set to zero and the covariance matrices were set

to identity ones. The MCMC was run for 30,000 cycles

after the burn-in of 6,000 cycles. One observation in every

60 cycles was saved to reduce serial correlation and then

5,000 observations were used for the post-MCMC analysis.

The QTL locations and effects estimated with Bayesian

functional mapping are listed in Table 2. In Table 2, the

QTL parameters are calculated by averaging posterior esti-

mates from those simulations in which significant QTL is

detected. It shows that Bayesian functional mapping was

able to estimate the QTL parameters well. As expected, the

precision and accuracy of QTL parameter estimation

increase with the increasing sample size. In contrast, com-

posite functional mapping estimate the QTL parameters with

relatively low precision and accuracy (see Table 3). Espe-

cially, composite functional mapping does not have the

ability to separate two closely linked QTL (the sixth and

seventh QTLs) and often detects some false-positive QTLs

in each replicate simulation. In general, Bayesian functional

mapping provides considerably higher statistical power of

QTL detection than composite functional mapping.
We also conducted significance test for every regression

coefficient using U test statistic (results not shown) and

found that, under sample size of 150, Bayesian functional

mapping was able to accurately infer the regression coef-

ficient whose true value was 0 by providing a non-signif-

icant statistic. Therefore, it shows that no variable selection

procedure is required for Bayesian shrinkage estimation

because the coefficients corresponding to the non-signifi-

cant one are shrunken to be near zero. T
a
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The estimated population mean l̂ ¼ 46:1 ð3:19Þ½
44:9 ð3:11Þ�0:83 ð0:31Þ�7:80 ð0:96Þ�T under sample size

of 110 and l̂ ¼ 45:4 ð2:85Þ 44:1ð2:31Þ�0:96 ð0:21Þ½
�7:12 ð0:82Þ�T under sample size of 150, autoregressive

coefficients q = 0.813 (0.188) and 0.802 (0.112), and

residual variance r̂2 ¼ 1:835 ð0:212Þ and 1.903 (0.197)

under sample size of 110 and 150, respectively, where the

numbers in parentheses are the standard deviations.

Example

The proposed method is applied to reanalyze QTL gov-

erning the developmental pattern of the leaf age in rice.

The rice population is a doubled-haploid (DH) population

derived from the crosses of an indica rice variety Gui-630

and a japonica rice variety Taiwanjing. This DH population

was grown with replicates in a field trial. For each plant,

the number of developed leaves on the main stem

was counted, and the length of the developing leaf was

measured every 3–7 days from day 30 after sowing

until the full development of the leaf. The time points of

measurements t ¼ ð 5 8 13 18 21 26 32 39Þ .
These measured data were used to estimate the leaf age of a

plant (y) (Zhou et al. 2001). A total of 111 DH lines were

estimated for leaf ages and were genotyped for 175 RFLP

markers. A linkage map was constructed using those

observed markers in the DH population, covering a total

length of 1,225 cM with average space of 7 cM (Weng

et al. 2000).

We select the two-order Legendre polynomial to fit

changes of population mean and genetic effects with

growth time, based on the changing law of phenotypes of

trait. Prior to Bayesian sampling, we take the number of

QTLs to 70, so that each QTL covers a range of 17.50 cM.

The MCMC sampling scheme is the same as that in the

simulation study. The analysis took *4 h on an Inter Core

2 PC with a 2.0-GHz processor and 4.00 GB RAM.

Figure 1a, b shows the profile of QTL intensity and

Wald test statistic. In Fig. 1a, 11 more clear peaks arise on

chromosomes 1, 3, 5, 7, 10, 11 and 12. Except for the first

peak on chromosome 11, the Wald test statistic values at

the other ten peaks exceed 7.82 (see Fig. 1b), the critical

value of Chi-square statistic at the degree of freedom of 3

and significant level of 5%. Compared to the composite

functional mapping, our Bayesian functional mapping

detects more QTLs. The detected QTLs with our method

overlap with those of the composite functional mapping

(Yang et al. 2006), except for QTL on chromosome 6.

In the significance test of individual regression effect

using U statistic, as seen from Fig. 2, the intercepts of

Legendre polynomials are significant for all detectable

QTLs; except for the second, seventh and ninth QTLs; theT
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first-order regression coefficients are significant for the

other seven detectable QTLs, while there are few signifi-

cant quadric regression coefficients for the detected QTLs,

except for the second, sixth, seventh and eighth QTLs.

Estimates for positions and regression effects of QTL

detected with Bayesian functional mapping (BFM) along

with QTL positions from composite functional mapping

(CFM) are shown in Table 4. Using these estimated

regression effects, we depict the changes in genetic

effects of ten detectable QTL with measurement time in

Fig. 3. These curves represent the three patterns: convex

for the first and eighth QTLs, concave for the second,

seventh and ninth QTLs and linear ones for the rest,

suggesting that the genetic effects of the detectable QTLs

on leaf ages vary in various directions during the devel-

opmental process. Yang and Xu (2007) only found seven

of ten QTLs by using Bayesian shrinkage analysis with

polynomial residuals, but there was no difference in

genetic change of detectable QTL between the two

mapping methods.
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Fig. 1 Profiles of QTL

parameters drawn from the real

data analysis: a QTL intensity

profile F(k) and b Wald test

statistic profile T2(k). The

reference line on the W plot

(plot b) is the critical value for

the Wald test statistic
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where bk(k) is the component for order k of the polynomial. The reference line on each plot is the critical value for the U test (U1–0.05 = 1.96)

Theor Appl Genet (2011) 123:483–492 489

123



Discussion

Through fitting the change of each QTL effect with the

time by Legendre polynomial and modeling the residual

covariance structure by first autoregressive equation, we

extend the functional mapping under the framework of

maximum likelihood for a single QTL model to Bayesian

functional mapping that can detect multiple dynamic trait

loci simultaneously. We choose Gamma distribution as the

appropriate prior for the first order autoregressive coeffi-

cient. By our approach, the convergence of sampling for

autoregressive coefficient can be easily achieved and the

implementation of sampling for all model parameters can

be estimated in the MCMC algorithm.

Table 4 Estimates for QTL parameters obtained from real data analysis

QTL No BFM CFM

Chr-position Marker interval b0 b1 b2 Chr-position

1 1–22 C178-RZ776 0.196 (0.027) 0.083 (0.015) -0.014 (0.009) 1–19

2 3–10 C6C-C814A -0.323 (0.047) -0.022 (0.016) 0.034 (0.011) 3–12

3 3–38 RZ993-C825B 0.115 (0.021) 0.050 (0.014) 0.003 (0.010) 3–37

4 3–144 C1032A-RZ142 0.306 (0.032) 0.116 (0.018) -0.003 (0.013) 3–141

5 5–26 R830-Y11L -0.153 (0.032) -0.058 (0.021) 0.006 (0.011) –

6 5–104 C246-C246 -0.038 (0.016) -0.073 (0.016) -0.004 (0.011) –

7 6–62 R276-R2071 – – – 6–62

8 7–61 R1394-C451 -0.399 (0.142) -0.086 (0.044) 0.035 (0.014) –

9 10–16 RZ892-RZ561 0.444 (0.036) 0.093 (0.016) -0.036 (0.010) 10–24

10 11–85 G257-R2869 -0.243 (0.078) -0.013 (0.021) 0.034 (0.017) 11–118

11 12–44 RG9-CDO344 -0.145 (0.039) -0.069 (0.020) -0.006 (0.010) –

Numbers in parentheses are the posterior standard deviations
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Although these functional mapping strategies have

emerged as a powerful tool for mapping dynamic trait loci

by using nonlinear biologically meaningful mathematical

model, fitting changes of QTL genotype effects may limit

their extension to multiple QTL model due to the non-

additivity of nonlinear models. Moreover, some biologi-

cally mathematical models may not be very meaningful in

interpreting most of the dynamic traits. The additivity,

orthogonality and flexibility of the Legendre polynomial

allow us to construct a linear model that describes time-

dependent genetic effects on multiple QTL of dynamic trait

with various shapes. In addition to the order of polynomial,

the population mean can be determined according to the

shape of phenotypic trajectories of dynamic traits; the

orders of polynomials for each QTL effect in model (1) are

unknown and different. To determine the order of each

polynomial, we may simply choose the highest possible

order for all QTL effects and handle the excessive

regression coefficients with the shrinkage mechanism,

which can shrink higher-order coefficients to zero.

In the functional mapping, the residual covariance

matrix can be structured by stationary and non-stationary

parametric models with a single or more parameters (Ma

et al. 2002; Zhao et al. 2005) and nonparametric models

based on the Legendre polynomial (Gao and Yang 2006;

Yang et al. 2006). In the study, we choose the AR (1) to fit

the residuals in multiple dynamic trait loci models. The

reasons are as follows: (1) The AR (1) model, as one of the

simplest time series models, provides a simple closed

expression for calculating the determinant and inverse of

the matrix for any number of time points measured. (2) The

residuals of the AR (1) model may be sufficient because the

residuals are simpler in the multiple QTL than in a single

QTL. Although Legendre polynomials have higher good-

ness of fit to the residuals by choosing appropriate orders,

too many parameters to be estimated and lack of biological

meaning may limit its application. (3) Most importantly,

the prior use of gamma distribution may ensure a quicker

convergence for the sampling of the autoregressive coef-

ficient with Metropolis-Hasting algorithm. We found that

the specified uniform distribution prior to autoregressive

coefficient and the sampling method proposed by Gianola

et al. (2003) do not work well in Bayesian functional

mapping. Also, Bayesian sampling for more parameters in

other parametric models, such as the structured antede-

pendence model (SAD), is up for investigation in future.

The proposed method can be easily extended from a BC

population to DH, RIL, F2 and outbred populations. In

other words, it can analyze not only the additive effects on

dynamic traits in BC, DH and RIL populations but also

both additive and dominant effects in F2 and outbred

populations. The computer program of our method in

MATLAB is available and free upon request. Given the

maximum number of QTL, besides the Bayesian shrinkage

estimation, stochastic search variable selection (SSVS, Yi

et al. 2003a) and Bayesian model choice (Yi et al. 2003b,

2005) can also be used for sampling QTL parameters in the

fixed model space. Simulation studies demonstrate that

SSVS and the shrinkage estimation perform almost equally

well (Wang et al. 2005). Bayesian model choice can save

the computing time, as only those positions with significant

genetic effects are drawn. Therefore, once we take into

account the interactions between QTL in multiple dynamic

trait loci model, Bayesian model choice should be an

optimal mapping strategy, compared with the Bayesian

shrinkage analysis and SSVS.
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