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A Haplotype-Based Method for QTL Mapping of F1 Populations
in Outbred Plant Species

Cuauhtemoc Cervantes-Martinez and J. Steven Brown*

ABSTRACT detection. Luo (1993), Soller and Genizi (1978), and Wel-
ler et al. (1990) have confirmed that very large progenyThe integration of quantitative trait loci (QTL) analysis into breed-
sizes are needed to detect QTL with good statisticaling strategies rather than being seen as separated processes has been

proposed to increase the power and accuracy of QTL detection and power in outbred populations for different designs.
to allow the two activities to be joined. The main objective of this However, extremely large progeny sizes and designs
research is to develop a specific scheme for mapping QTL in actual requiring two or more generations are not generally fea-
breeding F1 populations of outbred plant species with a high degree sible in practice for trees and some other outbred plant
of accuracy. The proposed method groups populations by common species. For example, the most recent QTL maps for
founders and statistically associates founder-origin probabilities that yield components, vigor, resistance to Phytophthora pal-
trace the common founder haplotypes in a given region of the progeny

mivora (E.J. Butler) E.J. Butler, beans traits, and ovulegenome with the phenotypic expression, using a linear model with a
number in T. cacao were estimated from F1 populationsstructured covariance matrix. The method was applied to computer
ranging from 88 to 125 individuals. These were obtainedsimulated data sets, corresponding to five F1 populations of 100 indi-
from the cross of a highly homozygous clone (Catongo)viduals each obtained from the crosses of a common founder with

several other founders. We are currently using this scheme with cocoa with other heterozygous clones (DR1, S52, and IMC78)
(Theobroma cacao L.) crosses, using selected clones resistant to spe- (Clement et al., 2003a, 2003b). Therefore, alternative
cific diseases to widen the genetic base of disease resistance. The accurate methods must be developed for mapping QTL
results indicate that the position and effect of QTLs in the common given the conditions and genetic structure of outbred
founder, that explain each at least 14% of the phenotypic variance, plant species. Beavis (1998) first proposed the integra-
can be estimated with good precision and accuracy. The theoretical as- tion of QTL analysis into cultivar development to in-
sumptions on which this approach was developed render the method

crease the resolution of QTL detection, by integratingappropriate for outbred plant species that are highly heterozygous,
mapping analyses across the numerous and large popu-which is often the case in tropical tree crops like cocoa, and have phe-
lations typically used by maize (Zea mays L.) breeders.notypic traits that show few interlocus interaction effects.

A haplotypic method for QTL analysis in trees species
using founder-origin probabilities that trace specific seg-
ments of the chromosomes in individual offspring as in-Accurate QTL analyses have been developed in re-
dependent variables with phenotypic values as the de-cent years to detect and estimate the effects of
pendent variable in a simple regression analysis has beenquantitative trait loci in plant populations with different
proposed for one population using the granddaughtergenetic structures. While high resolution QTL maps can
design (Reyes-Valdés and Williams, 2002). Their resultsbe obtained from large populations of annual plant spe-
were similar to those obtained by Haley et al. (1994)cies developed from crossing inbred lines followed by
that used all marker information. This method requires,self-fertilization for two or more generations, the analy-
however, the information from three generations forsis of quantitative trait loci is more difficult in outbred
QTL detection. In contrast, we suggest an approach thatplant species. Some of the difficulties arise when hetero-
uses founder-origin probabilities in several F1 popula-zygous heterogeneous parents are crossed to develop a
tions obtained in a full-sib mating design and combinesmapping population, in which parents are differentially
the F1 populations with a selected common founder ininformative at different loci. To be informative, a parent
a regression-based analysis, using a linear model with amust be heterozygous both at marker loci and a linked
structured covariance matrix (Searle, 1971; Littell et al.,QTL. Complications arise if parents have alleles in com-
1996). Jannink and Jansen (2001) and Jansen et al. (2003),mon at the QTL or marker loci, or if the parents share
assuming additive effects, showed that combining re-QTL alleles in different linkage phases with the marker
lated breeding populations for QTL analysis increasesloci (Jansen et al., 1998; Lynch and Walsh, 1998). In ad-
the power and accuracy of detection, associated mainlydition, the biological properties of some outbred species,
with the increased progeny numbers in the combinedlike fruit trees and forest trees, impose limiting factors
analysis.for mapping QTL. The number of generations per time

QTL mapping analyses based on linear regression mod-unit and the progeny size per space unit are usually fewer
els (Haley and Knott, 1992), such as the one we proposethan in annual species, resulting in lower power for QTL
in this study, are approximate methods that generally give
results similar to maximum likelihood methods (Lander
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CERVANTES & BROWN: QTL MAPPING IN CACAO BREEDING POPULATIONS 1573

that the length of the interval and number of informative F1jective of this paper is to explain our method in detail
individuals may vary among intervals and founder haplo-and apply it to the analysis of computer simulated data
types analyzed.of five F1 populations with a common founder in a man-

Marker loci at the ends of the linkage groups are consideredner similar to a currently used breeding scheme and
in the analysis whether they are informative or not. If thestructure of cocoa breeding populations (Clement et al., marker loci at the ends are not informative, then founder-

2003a, 2003b). origin probabilities are calculated as follows: the founder-
origin probabilities of the H1x allele in the locus at the position
x between a non-informative marker extreme and an informa-METHODS tive marker locus with genotypes AA and B1B2, respectively,
are Pr(H1x|B1) � 1 � rBx and Pr(H1x|B2) � rBx . The founder-Haplotypic Conditional Probabilities
origin probabilities for the allele Hi3x are obtained in an analo-

The founder-origin probabilities that trace specific haplo- gous manner, and the conditional probabilities for the alleles
type segments of the genome of F1 individuals to the haplotype H2x and Hi4x are the corresponding complementary probabili-
of their founders are developed here as an extension of the ties. The founder-origin probabilities described above are cal-
model for marker-based selection in gene introgression showed culated for all informative individuals in F1 populations, in
by Reyes-Valdés (2000) and Reyes-Valdés and Williams (2002). every map position between informative flanking markers.
Consider two diploid founders PCF and PSFi

of a population i (sub- The phenotypic data and the founder-origin probabilities are
scripts CF and SFi stand for common founder and second used for the QTL analysis as outlined below.
founder, respectively) and two informative marker loci, A and
B, in the genotypic array for founder PCF: A1B1/A2B2 and for

Linear Model Formulationfounder PSFi
: Ai3Bi3/Ai4Bi4. The chromosome segments A1B1 and

A2B2 are the first and second haplotypes of the founder PCF, Consider a number q of F1 populations with a common
and the segments Ai3Bi3 and Ai4Bi4 are the first and second founder (PCF) and a second nonidentical founder for every
haplotypes of the founder PSFi

. Let H1x and H2x be specific population (PSFi
; i � 1, 2,..., q). Let A and B be marker loci at

alleles of the locus at the map position x between marker loci a given map distance of the linkage group, and x a map posi-
A and B, in the first and second haplotype of the founder PCF , tion between markers A and B, with founder-origin probabili-
and Hi3x and Hi4x be specific alleles in the first and second ties PHCF x|ABij

and PHSF x|ABij
(Table 1) that an F1 individual j from

haplotype of the founder PSFi
, in the same locus at a map po- population i with marker haplotype AB, has inherited specific

sition x, and let d1 and d2 be the map positions of marker loci founder alleles from PCF and PSFi
, respectively, in a locus at

A and B. The absolute map distances between markers is position x. A basic linear model can be fit as follows:
�d1 � d2 � and the distances between the locus located at posi-

yij � �i � �HCF xPHCF x�ABij
� �HCF,x�1 � PHCF x�ABij

� �tion x and A and B are �d1 � x� and �d2 � x�, respectively. The
map distances are converted to recombination fractions using

�HSFi
xPHSF x�ABij

� �HSFi
,x�1 � PHSF x�ABij

� � εij ;the inverse of the Haldane mapping function (Haldane, 1919)
assuming no interference, i � 1, 2, . . . , q ; j � 1, 2, . . . , ni , [2]

where yij refers to the phenotypic values of individual j in
r �

(1 � e�2|d1�d2|)

2
, rAx �

(1 � e�2|d1�x|)

2
,

population i; � is the mean of population i; �HCF x and �HSFi
x

are the parameters corresponding to the fixed effects of the
and allele at the first homologs (Jansen et al., 1998; Lynch and

Walsh, 1998) of the founders PCF and PSFi
for the putative QTL

rBx �
(r � rAx)

(1 � 2rAx)
. [1] in a locus at position x in population i; �HCF,x and �HSFi

,x are the
parameters corresponding to the fixed effects of the allele at
the second homologs of the founders PCF and PSFi

; and εij is aThe conditional probabilities that F1 individuals have inher-
ited specific founder alleles in a locus at position x, given that random variable identically distributed with mean zero and

variance � 2
i , that includes the background effect, the environ-they have specific marker haplotypes, are shown in Table 1.

mental variation, and the inadequacy of the model. The modelThese probabilities are shown when the flanking markers are
[2] can be reparameterized aslinked in coupling or repulsion phase in the founders geno-

types. To determine the founder-origin probabilities for each yij � �*i � �*HCF xPHCFx|ABij
� �*HSFi

xPHSF x|ABij
� εij .particular F1 individual, the marker haplotypes that trace to

[3]either founder genome must be specified for every segment
analyzed. Some difficulty arises when there are identical alleles Here, �*i � �i � �HCF,x � �HSF,x ; �*HCF x � �HCF x � �HCF,x and
in founders PCF and PSFi

for the marker loci under consider-
�*HSFi

x � �HSFi
x � �HSFi

,x are the allele-substitution fixed effects
ation. If founders PCF and PSFi

share one or two alleles for
(Jansen et al., 1998) of QTL alleles of founders PCF and PSFieither locus A or locus B with equal or different linkage phase,
in population i, respectively. A second model is also formu-only the F1 individuals with homozygous genotypes for that
lated to include the intralocus interaction among QTL alleleslocus are informative. When the founder PSFi

shares one or
at the QTL loci, adding the dominance effects to the additivetwo alleles with the founder PCF for both loci, with the same
effects model [2], so thator different linkage phase, only the doubly homozygous F1 in-

dividuals are informative. The linkage phase of markers is yij � �i � �HCF xPHCF x|ABij
� �HCF,x �1 � PHCF x|ABij

� �
estimated from data with linkage analysis methods for full-

�HSFi
xPHSF x|ABij

� �HSFi
,x�1 � PHSF x|ABij

� �
sib families obtained with the cross of heterozygous parents

�HCFHSFi
xPHCF x|ABij

PHSF x|ABij
� �HCFHSFi

,xPHCF x|ABij
�1 � PHSF x|ABij

� �(Maliepaard et al., 1997; Wu et al., 2002). The haplotypic con-
ditional probabilities are calculated considering only informa- �HCF,HSFi

x�1 � PHCF x|ABij
�PHSF x|ABij

�
tive F1 individuals with the equations stated in Table 1, for

�HCF ,HSFi
,x�1 � PHCF x|ABij

��1 � PHSF x|ABij
� � εij , [4]intervals delimited for informative flanking markers, implying
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Table 1. Founder-origin probabilities for each possible haplotypic state of F1 progeny.

Founder
F1 progeny

Founder
F1 progeny

Marker haplotype Marker haplotype
PCF from PCF† Pr(H1x|AkBl) PSFi

‡ from PSFi
Pr(Hi3x|AikBil)

A1B1/A2B2 A1B1 Ai3Bi3/Ai4Bi4 Ai3Bi3�1 � rAxCF
��1 � rBxCF

�
1 � r

�1 � rAxSFi
��1 � rBxSFi

�
1 � r

A1B2 Ai3Bi4�1 � rAxCF
�rBxCF

r

�1 � rAxSFi
�rBxSFi

r

A2B1 Ai4Bi3rAxCF
�1 � rBxCF

�
r

rAxSFi
�1 � rBxSFi

�
r

A2B3 Ai4Bi4rAxCF
rBxCF

1 � r

rAxSFi
rBxSFi

1 � r

A1B2/A2B1 A1B1 Ai3Bi4/Ai4Bi3 Ai3Bi3rAxCF
�1 � rBxCF

�
r

rAxSFi
�1 � rBxSFi

�
r

A1B2 Ai3Bi4rAxCF
rBxCF

1 � r

rAxSFi
rBxSFi

1 � r

A2B1 Ai4Bi3�1 � rAxCF
��1 � rBxCF

�
1 � r

�1 � rAxSFi
��1 � rBxSFi

�
1 � r

A2B2 Ai4Bi4�1 � rAxCF
�rBxCF

r

�1 � rAxSFi
�rBxSFi

r

† , ‡ Parental common founder and second founder, respectively. H1x and H2x are the alleles in the first and second haplotype of the founder PCF, Hi3x
and Hi4x are the alleles in the first and second haplotype of the founder PSFi

, in the locus at the map position x; r, rAx and rBx are the recombination
fractions between two informative markers A and B, and between the locus at map position x and markers A and B. The conditional probabilities
for the alleles H2x and Hi4x are given by Pr(H2x|AkBl) � 1 � Pr(Hi4x|AkBl) and Pr(Hi4x|AikBil) � 1 � Pr(Hi3x|AikBil).

where the coefficients �HCF HSFi
x , �HCF HSFi

,x , �HCF ,HSFi
x and �HCF ,HSFi

,x PHCFx/ABini

 is the vector containing the haplotypic conditional
represent the fixed dominance effects between the QTL alleles probabilities for the population i corresponding to the common
of the locus at position x of founders PCF and PSFi

. A reduction founder PCF, and P T
HSF /ABi

� PHSFx/ABi1
PHSFx/ABi2

· · · PHSFx/ABini

 is
is achieved by setting the restriction on the dominance effects the vector containing the haplotypic conditional probabilities
�i � �HCF HSFi

x � ��HCF HSFi
,x � ��HCF ,HSFi

x � �HCF ,HSFi
,x , and using corresponding to the founder PSFi

of the population i ; Zi �
the allele-substitution effects in [4], resulting in PHCF/ABi

PHSF/ABi
� i  is the founder-origin probability matrix for

the additive and dominance effects model for the populationyij � �*i � �*HCF xPHCF x|ABij
� �*HSFi

xPHSF x|ABij
�

i , � T
i � [�i1 �i2 · · · �ini

], �ij � (2PHCF/ABij
� 1)(2PHSF/ABij

� 1) ;
b T

i � [�*HCF x �*HSFi
x ] is the vector of the fixed parameters for the�i�2PHCF x|ABij

� 1��2PHSF x|ABij
� 1� � εij . [5]

additive effects model, �*HCF x is the allele-substitution param-
Here, �i is dominance effect in population i. eter of the putative QTL alleles in the common founder PCF and

The details of reparameterization of models [2] and [4] are �*HSFi
x is the allele-substitution parameter of the QTL alleles cor-

shown in the APPENDIX. The models [3] and [5] are referred responding to the founder PSFi
from population i ; bT

i � [�*HCF xto here as the additive effects model, and the additive and
�*HSFi

x �i] is the vector of the fixed parameters for the additivedominance effects model, respectively.
and dominance effects model, �i is the dominance effect forAnalyses of linear regression (Reyes-Valdés and Williams,
population i ; e T

i � [εi1 εi2 · · · εini
] is the vector of random de-2002) can be implemented to estimate the models [3] and [5]

for every F1 population, where �*i is the intercept, and �*HCF x , viations for population i. The random vector ei is assumed to
be normally distributed with E(e i) � 0 and Var(e i) � Ri ��*HSFi

x and �i are the regression coefficients. The additive effects,
I i�

2
i . Here, Ii denotes the identity matrix of order ni and � 2

iand the additive and dominance effects linear models for the
is the component of the residual variance corresponding tosingle population analyses are written by convenience in matrix
population i . Alternatively, all populations can be analyzednotation as
simultaneously using a covariance model with a structured
residual covariance matrix (Searle, 1971; Littell et al., 1996).y

i � Xi�i � ei � [X1i Zi]�ai

bi
� � ei

The linear model for the combined analysis is represented in
matrix notation by� X1iai � Zibi � ei ; i � 1, . . . , q , [6]

where y T
i � [yi1 yi2 · · · yini

] is the vector of phenotypic obser-
y � X� � e � [X1 Z]�a

b � � e � X1a � Zb � e .vations of the population i , ni is the number of individuals in [7]
the population i ; X1i � 1i as a vector ni 	 1 of elements ones;
ai � �*i  is the intercept for the population i ; Zi � PHCF/ABi

Where yT � yT
1 yT

2 · · · yT
q is the vector of phenotypic obser-

PHSF/ABi
 is the founder-origin probability matrix for the additive vations of all populations; X1 � �

q

i�1
X1i , � denotes the matrix

model for the population i , PT
HCF /ABi

� PHCFx/ABi1
PHCFx/ABi2

· · ·
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direct sum; aT � aT
1 aT

2 · · · aT
q is the intercept vector; Z � X1i � 1i CHSF1i

CHSF2i
· · · CHSFm2i

,
[PHCF/AB �

q

i�1
PHSF/ABi

] is the founder-origin probability matrix for
X1 � �CHCF1 CHCF2 · · · CHCFm1

�
q

i�1
X1i�,the additive effects model, with PT

HCF/AB � PT
HCF x/AB1

PT
HCF x/AB2

· · ·

PT
HCF x/ABq

; Z � [PHCF/ABi
�
q

i�1
PHSF/ABi

�
q

i�1
� i] is the founder-origin aT

i � �*i vHSF1i
vHSF2i

· · · vHSFm2i
,

probability matrix for the additive and dominance effects
aT � vHCF1 vHCF2 · · · vHCFm1

aT
1 aT

2 · · · aT
q .model; bT � [�*HCFx �*HSF1

x · · · �*HSFq
x] is the vector of the fixed co-

variate parameters for the additive effects model, �*HCF x is the In this case, CHCF k1
is a �

q

i�1
ni 	 1 vector of known coefficients

allele-substitution parameter of the putative QTL alleles in
of the k1th common founder cofactor, and m1 is the numberthe common founder PCF, and �*HSFi

x is the allele-substitution
of marker cofactors in the common founder haplotype con-

parameter of the QTL alleles corresponding to the founder sidered in the combined model.
PSFi

of population i ; bT � [�*HCF x �*HSF1
x · · · �*HSFq

x �1 �2 · · · �q] is The estimation of the variance components for both single
population QTL analyses and combined analysis can be per-the fixed covariate parameter vector for the additive and domi-
formed by restricted maximum likelihood (REML) using anance effects model, �i is the dominance parameter for popula-
ridge-stabilized Newton-Raphson algorithm, which given con-tion i; and eT � eT

1 e T
2 · · · eT

q is the vector of random devia-
ditions of regularity of the likelihood function and adequatetions. The random vector e is also assumed to be normally
starting values, produces a quadratic convergence. The bestdistributed with E(e) � 0 and Var(e) � Var(y) � R � �

q

i�1
Ii�

2
i , linear unbiased estimators of the fixed effects parameters are

obtained by solving the mixed model equations (Searle et al.,given that the vector � only contains fixed-effect parameters.
It is assumed that the genetic background effects absorbed 1992; Littell et al., 1996). The analyses are performed at each

by the residual component of the model are independent among 1 cM position in the linkage group, and the likelihood ratio
individuals within populations in model [6], and among popu- statistic (LR) is calculated by obtaining the difference between
lations in model [7]. This assumption might be unrealistic be- the �2 times the REML log likelihood of the reduced model
cause individuals within populations are full-sibs and among with no QTL consideration (l0) and the full model with the
populations are half-sibs. To control part of the genetic back- QTL parameters (l1). Full models are represented by [3], [5],
ground by reducing the segregation variance generated by [6], and [7]. The reduced models only include the parameter
linked and unlinked QTLs, when the analysis is performed for �*i and the random deviation εij for the population analyses,
a given position in the linkage map, appropriate markers out- and the vectors X1a and e for the combined analysis. The
side of the interval analyzed can be fitted as cofactors in REML log likelihood function for the full model is described
models [3] and [5]. The addition of marker cofactors to par- as follows
tially remove the background genetic effect has shown to in-
crease the sensitivity and precision of QTL mapping (Jansen

l1 �
n � p

2
log(2
) �

1
2

log�Ri � �
1
2

log�XT
i R�1

i Xi� �and Stam, 1994; Zeng, 1994). Since the number of observations
in the combined analysis differs from the number of observa-
tions in the single population analyses, the markers associated 1

2
(y

i
� Xi� i)T R�1

i (y
i
� Xi� i), [9]with the interval analyzed for a given linkage group may differ

between the combined analysis and the single population anal-
yses. Therefore, the selection of cofactors sets should be done for the single population analyses, where p � 3 � m1i � m2i

separately for each single population analysis, and for the in model [3] and p � 4 � m1i � m2i in model [5]. If no cofactors
combined analysis. are used, then m1i � m2i � 0. The matrices Xi and Ri, and the

Cofactors are included in models [3] and [5] by adding vector �i are the established for the model [6]. Likewise, the
the term REML log likelihood function for the combined analysis is

represented by�
k1�I

�vHCF k1i
CHCF k1ij

� � �
k2�I

�vHSF k2 i
CHSF k2 ij

�, [8]

l1 �
n � p

2
log(2
) �

1
2

log�R � �
1
2

log�XT R�1X� �
where I is the interval of the linkage group analyzed and
delimited by two fully informative markers loci (A and B);
CHCF k1ij

and CHSF k2ij
are the known coefficients for the k1th and 1

2
(y � X �)T R�1(y � X �). [10]

k2th markers selected as cofactors of the common founder
and second founder of individual j from population i , taking The matrices X and R, and the vector � correspond to thethe value of 1 or 0 depending on the markers haplotype;

model [7]. In this case, p � m1 � �
q

i�1
m2i � 2q � 1 for the addi-vHCFk1i

and vHSFk2i
are the associated regression coefficients. The

model in matrix notation [6] is modified to include the cofac- tive effects model, and p � m1 � �
q

i�1
m2i � 3q � 1 for the addi-

tors by redefining the following matrices
tive and dominance effects model. Note that m1 � �

q

i�1
m2i � 0

X1i � 1 i CHCF1i
CHCF2 i

· · · CHCFm1 i
CHSF1i

CHSF2i
· · · CHSFm2i

 when cofactors are not considered in the model.
and The REML log likelihood functions for the reduced models

aT
i � �*i vHCF1i

vHCF2i
· · · vHCFm1i

vHSF1i
vHSF2i

· · · vHSFm2i
 . (l0) for the single population analyses and the combined analysis

are obtained substituting Xi by X1i and �i by ai in [9], and X
Where CHCF k1 i

and CHSF k2 i
are ni 	 1 vectors of known coeffi- by X1 and � by a in [10], with p � m1i � m2i � 1 in [9] and

cients of the k1th and k2th common founder and second
p � m1 � �

q

i�1
m2i � q in [10]. �2 times the REML log likelihoodfounder cofactors; m1i and m2i are number of marker cofactors

considered from common founder and second founder haplo- functions are evaluated with the values of the fixed effects vec-
types from population i. The model in [7] is modified by tor and covariance matrix that maximize [9] and [10] given by

the Newton-Raphson algorithm; for example, the REML esti-redefining the following matrices as
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mates of R and the generalized least squares estimates (GLS) constitution for other traits. This clone, therefore, it is crossed
to other selected clones with good complementary responsesof � in (10), which are denoted R̂ and �̂ � (XT R̂�1X)�

to other characteristics for further selection of the superiorXT R̂�1y, respectively. The estimated variance-covariance ma-
recombinants in the F1 populations.trices of the GLS estimate of �i and � are (XT

i R̂�1
i Xi)� and

Theoretical calculations as well as computer simulation re-(XT R̂�1X)� (Searle, 1971; Searle et al., 1992; Littell et al., 1996).
search have shown that under conditions of regularity, highThe significance of the putative QTL can be obtained by the
resolution QTL mapping is dependant on large progeny sizes.approximation of the likelihood ratio test to the �2 distribution
The power of QTL detection (the probability of a true marker-(Self and Liang, 1987). The approximated thresholds are
trait association) is improved by decreasing the within-marker�2

�/M,2q and �2
�/M,3q for the additive effects model and additive

class variance, or residual variance, which come with increasedand dominance effects model, respectively, where q is the
sample size (Soller and Genizi, 1978; Lander and Botstein,number of populations (q � 1 for single population analyses)
1989; Weller et al., 1990; Lynch and Walsh, 1998). In the mostand M is the number of intervals in the genome. The overall
general view, the q F1 populations can be considered a set ofsignificance level of �/M is discussed by Zeng (1994). The use
n � n1 � n2 � · · · � nq individuals containing the commonof empirical thresholds based on the permutation test would
founder PCF haplotype, establishing a very suitable scenariobe a more robust alternative (Churchill and Doerge, 1994),
in which to implement a haplotype-based approach for QTLhowever, computationally more demanding.
analysis. The power of QTL detection in a combined analysis
that includes all populations is expected to increase in a man-

Genetic Considerations ner proportional to the number of populations included in the
analysis, and hence increase in sample size, resulting in moreLet us assume first an F1 population developed from the
accurate QTL maps. When the intralocus interaction (domi-cross of the founder clones, PCF and PSFi

, a putative QTL in the
nance) with the alleles of the second parent of every popula-locus at position x in the linkage group, with alleles H1x and
tion is incorporated into the model as showed above, however,H2x in the founder PCF, and the Hi3x and Hi4x alleles in the
an additional assumption of independence from interlocusfounder PSFi

. The regression coefficients of the phenotype on
QTL allele effects (epistasis) must be made. Departure fromH1x and Hi3x founder-origin probabilities of the locus at posi-
this assumption might result in lower power of QTL detectiontion x for F1 individuals in model [3] and [5], represent the
and biased estimates of the allele-substitution and dominancefixed allele-substitution effect of H1x by H2x and Hi3x by Hi4x.
parameters. Another consideration is that if the commonSince not all possible QTL allele combinations are obtained
founder is not QTL informative (QTL heterozygote), thenin the heterozygous progeny in F1 populations from crossing
�HCF x � �HCF ,x and �*HCF

� �HCF x � �HCF ,x � 0 in the single popu-QTL informative clones, there are some limitations in estimat-
ing dominance deviations. In fact, dominance can be estimated lation analysis and in the combined analysis, meaning that the
only by a lack of parallelism between the phenotypic values utility of the proposed method relies on the assumption that
of the genotypic pairs H1Hi3x, H2Hi3x, and H1Hi4x, H2Hi4x. Since the common founder is, indeed, heterozygous for the puta-
only these four genotypes are available for estimating both ad- tive QTL.
ditive and dominance genetic effects, with three degrees of
freedom, two independent parameters are used to estimate the

Data Simulation and Statistical Analysisallele-substitution effects (�*HCF x and �*HSFi
x), leaving one degree of

Four data sets of five F1 populations of 100 individuals ob-freedom for estimating a dominance parameter. Given this con-
straint, we must imposed a restriction on the dominance effect tained from the crosses of one heterozygous common founder
such that �i � �HCF HSFi

x � ��HCF HSFi
,x � ��HCF,HSFi

x � �HCF,HSFi
,x. A clone (PCF) with other five founder clones (PSF1

, PSF2
, PSF3

, PSF4
,

and PSF5
) were simulated with a SAS macro for Windowsvalue �i � 0 would indicate a lack of parallelism and imply

the existence of dominance among QTL alleles at a locus. Version 9.0 (SAS Institute Inc., Cary, NC). The genome of
every individual consisted of two chromosomes of 100 cM inConversely, however, a value of �i � 0 would not definitively
length with one marker locus every 5 cM, and two QTLs, theexclude the existence of dominance, as the dominance effect
first located at a position 59 cM distal from the beginning ofcould be affecting the phenotype equally at all four genotypes,
the first chromosome and a the second located at a positionin which case it is not detected.
29 cM distal from the beginning of second chromosome. TheThis principle can be extended to several F1 populations
genomes of the parental clones were simulated consideringthat share a common founder. Such scenario is seen in the
different percentages of homozygosity (20, 30, 35, 40, 45, andcontext of breeding populations of fruit trees species, like
50% for founders PCF, PSF1

, PSF2
, PSF3

, PSF4
, and PSF5

, respectively),T. cacao, in which the common founder is a selected clone with
some very desirable traits, but also with undesirable genetic represented by non-informative marker loci located randomly

Table 2. Genotypic values for the F1 progeny of population i, with founders PSF1
and PSFi

(i � 1, 2, 3, 4, 5).

Genotype

H1Hi3x H1Hi4x H2Hi3x H2Hi4x

Expected frequencies 1/4 1/4 1/4 1/4

Genotypic value G1,i3 � �i � �HCF x � G1,i4 � �i � �HCF x � G2,i3 � �i � �HCF ,x� G2,i4 � �i � �HCF ,x �

�HSF i
x � �i �HSFi

,x � �i �HSFi
x � �i �HSFi

,x � �i

Genotypic value† G1,i3 � �*i � �*HCF x � G1,i4 � �*i � G2,i3 � �*i � G2,i4 � �*i � �i

for simulation �*HCF x � �i �*HSFi
x � �i�*HSFi

x � �i

† Reparameterized genotypic value. H1x, H2x are the alleles of the putative QTL of the common founder PCF in a locus at position x, with effect �HCF x and
�HCF ,x , respectively, and Hi3x and Hi4x are the alleles of the second founder PSFi

, with effects �HSFi
,x and �HSFi

,x . The allele-substitution parameters meet the
constrain �*HCF x � �HCF x � �HCF ,x and �*H

SFi
x � �HSF

i
x � �HSFi

,x . The reparameterized mean meets the constrain �*i � �i � �HCF ,x � �HSF ,x .



R
ep

ro
du

ce
d 

fr
om

 C
ro

p 
S

ci
en

ce
. P

ub
lis

he
d 

by
 C

ro
p 

S
ci

en
ce

 S
oc

ie
ty

 o
f A

m
er

ic
a.

 A
ll 

co
py

rig
ht

s 
re

se
rv

ed
.

CERVANTES & BROWN: QTL MAPPING IN CACAO BREEDING POPULATIONS 1577

through the chromosomes. A frequency of 5% of allele sharing et al., 1996) at every 1 cM position of the linkage group. The
analyses were performed for the additive model and for thebetween founder clones for different loci was also included.

The recombination probabilities between homologs were ob- additive and dominance model, the latter both with and with-
out cofactors. The significance of the allele-substitution fortained under the assumption of no interference among marker

loci, and selecting the location in the chromosome at random the different founders and the dominance effects were tested
with a t test. As candidate cofactors were considered all mark-for each recombination. The genotypic model for simulation

corresponding to population i is described in the Table 2. ers with the exception of the flanking markers of the interval
to be analyzed for the putative QTL. Cofactors were selectedThe four phenotypic data sets were simulated with additive

QTL effects in both chromosomes, but with QTL dominance for models (6) and (7) separately by multiple regression using
the backward method (� � 0.05).effects only for the first chromosome (Table 3), with very

specific restrictions on the genetic parameter values, explained
below. The allele-substitution coefficients for the first chromo-

RESULTSsome were set to

Plots of the likelihood ratio (LR) test statistic against
�*HSF1

x �
1
2

�*HCF x , �*HSF2
x �

1
3

�*HCF x , �*HSF3
x �

1
4

�*HCF x , the chromosomal position obtained with the additive
and dominance effects model are shown in Fig. 1. Analy-
ses of the first simulated data set with QTLs of the�*HSF4

x �
1
5

�*HCF x and �*HSF5
x � 0. [11]

smallest effects (Table 3) did not show particularly satis-
factory results in terms of the QTL position estimates.Here, �*HCF x and �*HSFi

x refer to the allele-substitution of the puta-
However, analyses performed on the data sets of the

tive QTL in the first chromosome of the common founder latter three simulations with QTLs of larger magnitudeand the second founder of population i (i � 1, 2, 3, 4, 5). The
showed that the QTL position can be estimated withdominance effects used for simulation were
precision by this approach, as described next.

The LR test statistic was larger when this method,�1 �
1
4

�*HCF x, �2 �
1
4

�*HCF x, �3 �
1
4

�*HCF x ,
based on founder-origin probabilities, was run on the
combined population analysis than when it was based

�4 �
1
4

�*HCF x and �5 � 0, [12] on single population analyses. This was expected since
the difference in the number of parameters between the
full and reduced models is not the same for the twofor population 1 to 5, respectively. The restrictions on the

allele-substitution effects for the second chromosome were types of analysis. The extra number of parameters fitted
in the full model represents the expected value of the LR�*HCF x � 0, �*HSF1

x � 0, �*HSF2
x � �*HSF3

x � �*HSF4
x test statistic according with its asymptotic �2 distribution

(Self and Liang, 1987). Therefore, we compared the testand
statistic of both methods to �2 thresholds, defined by

�*HSF5
x � 0. [13] the significance level and the degrees of freedom deter-

mined by the extra number of parameters fitted in theThe residual component was obtained as a random observa-
full model. Thresholds using the �2 approximation aretion from a normal distribution with mean zero and variance
�2

0.05/40,3 � �2
0.00125,3 ≈ 15.8 and �2

0.05/40,15 � �2
0.00125,15 ≈ 37.04 forset to meet the restrictions in Table 3. The statistical analysis

was performed with a SAS macro for Windows Version 9.0. the single population analyses and the combined analy-
The macro estimates the reduced and full models (6) and (7), ses, respectively. The likelihood ratio had larger values
the likelihood ratio test statistic, the covariance parameters in chromosome 1 than in chromosome 2 over the chro-
and their standard error with the MIXED procedure (Littell mosome segment containing the putative QTL, as ex-

pected, since chromosome 1 has the larger QTL. AnalysesTable 3. Genetic parameters used for data simulation of the five
based on single populations showed larger values of thepopulations using the model with additive and dominance ef-
test statistic than the respective threshold when per-fects, for two chromosomes of 100 cM in length each.
formed in the chromosome segment surrounding the pu-Populations
tative QTL. The likelihood ratio obtained with the com-

1 2 3 4 5 bined analyses was larger than the threshold for the
Mean 50 52 54 56 58 most of chromosome 1. The absolute maximum of the
Phenotypic variance 100 108.6 116.6 125.4 134.6 test statistic in the combined analyses was generally inCV† 0.2 0.2 0.2 0.2 0.2

a segment very close to the true QTL position in the link-Variance explained
by the QTL, % age group, while the absolute maxima of the likelihood

Chromosome 1 ratio test statistic were slightly distant from this position
Sim.‡ 1 10 7.8 6.7 6.0 4.9 for the individual population analyses.
Sim. 2 20 15.7 13.4 11.9 9.9

Likelihood ratio plots from analyses using the addi-Sim. 3 40 31.3 26.8 23.8 19.8
Sim. 4 50 39.2 33.5 29.8 24.8 tive effects model only (results not shown) were very

Chromosome 2 similar to the plots in Fig. 1, but with slightly lower
Sim. 1 0 6.2 5.7 5.3 0 values of the test statistic for chromosome 1. Figure 2
Sim. 2 0 12.3 11.4 10.6 0 shows the plots of the likelihood ratio versus the chro-Sim. 3 0 24.6 22.9 21.3 0
Sim. 4 0 30.8 28.6 26.6 0 mosome position for the analyses from the model with

both additive and dominance effects and with cofactors.† Coefficient of variation.
‡ Simulated data set. The number of cofactors included after the backward
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Fig. 1. Likelihood ratio curves vs. genome position of the haplotype-based QTL analyses for two linkage groups of 100 cM in length each, of
the simulated five F1 populations (Pop1, . . . , Pop5) of 100 individuals each. The single population analyses and the combined analyses (Comb)
were performed under the additive and dominance effects model.

elimination was variable, from none to 10 for the single in length when cofactors were added to the analyses
(Fig. 2). The confidence intervals based on the two-populations analyses and from 1 to 11 for the combined

analyses. Improvement was achieved when marker co- LOD rule (Van Ooijen, 1992) are shown in Table 4.
The cofactor model seriously misestimated the QTLfactors were added to the model when estimating the

QTL position in chromosome 1 for simulations 2, 3, and position in the first simulated data set with the smallest
QTL effects. However, the misestimation was no larger4, effectively removing substantial residual variance.

While the absolute maximum of the test statistic curves than 1 cM for QTL position in the other three simula-
tions with QTL alleles of larger magnitude. Shorter con-tended to be over intervals close to the true QTL posi-

tion, the inflexion points flanking the maximum peaks fidence intervals containing true QTL positions were
obtained with the model that included cofactors for thecovered segments larger than 30 cM in length when

analyses were performed without cofactors (Fig. 1). QTL in chromosome 1 in simulations 2, 3, and 4, no
larger than 6 cM.These segments were narrowed to approximately 10 cM
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CERVANTES & BROWN: QTL MAPPING IN CACAO BREEDING POPULATIONS 1579

Fig. 2. Likelihood ratio curves vs. genome position of the haplotype-based QTL analyses for two linkage groups of 100 cM in length each, of
the simulated five F1 populations (Pop 1, . . . , Pop5) of 100 individuals each. The single population analyses and the combined analyses (Comb)
were performed under the additive and dominance effects model. Cofactors were included in the analyses with a window of 5 cM.

The estimated effect for the allele-substitution values and the second founder of the first population. For the
latter three simulations, even though there is an upwardof QTLs contained in the founder clones using the addi-

tive and dominance effects model are shown in Table 5. bias in the point estimates of the allele-substitution ef-
fects of these founders, a 95% confidence interval con-The estimates were obtained with the combined analy-

ses using cofactors, and correspond to the likelihood tains the true parameter value. Zeng (1993) showed that
the partial regression coefficients are biased estimatesratio curves showed in Fig. 2. In the first simulated data

set with small QTL values, the estimated effects of the of QTL effects. In this research, the allele-substitution
effects of QTL alleles in the common founder were up-QTL alleles in both chromosomes were less accurate, nor

did the analysis find the correct position of the QTLs. wardly biased from approximately 15, 5, and 7% for
QTLs that explain on average 14, 28, and 35% of the phe-For the QTL alleles on chromosome 1, the allele sub-

stitution in all four simulations (Table 5) was signifi- notypic variance across populations (Table 3). Larger
bias was observed for the point estimates of the allele-cantly different from 0 only for the common founder
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Table 4. Estimated position of the putative QTL and its confi- with a relatively good approximation to the true value,
dence interval (in parentheses) for the analyses performed as expected with QTL alleles of stronger magnitude.using the model with additive and dominance effects.

The estimates of dominance effects are shown in Ta-
QTL position† ble 6. Most of the significant dominance coefficient esti-

Chromosome Simulation Without cofactors With cofactors mates were observed for chromosome 1 of the third and
fourth simulations, in which the dominance effect of thecM
QTL had a larger magnitude. As in the case of the1 1 62 95

(44, 95) (93, 95) allele-substitution effect, there was a tendency among
2 60 60 the significant coefficients to overestimate the true pa-(53, 68) (56, 61)

rameter value. There were two false positives, one in3 59 58
(55, 63) (55, 61) the allele-substitution effect and one in the dominance

4 59 59 coefficient, both on chromosome 2 (Table 5 and 6).(53, 62) (56, 61)
2 1 39 95

(2, 68) (86, 95)
2 29 30 DISCUSSION

(22, 33) (17, 34)
3 30 30 This study shows the use of breeding populations of

(26, 34) (26, 33) outbred plant species to map QTLs based on founder-4 30 30
(27, 34) (26, 33) origin probabilities (Reyes-Valdés, 2000; Reyes-Valdés

and Williams, 2002) that trace specific haplotypes from† The estimated QTL position was obtained as the point in the linkage
map at which the likelihood ratio statistic showed a maximum value. the founders to their progeny. Figures 1 and 2 showed
The confidence intervals were obtained using the equality LOD � LR/ that the test statistic values are increased when a set of F1(2 ln 10) (Lynch and Walsh, 1998) and the two-LOD rule. The true QTL

populations with one common founder are considered inposition is x � 59 cM in chromosome 1 and x � 29 in chromosome 2.
the analysis, and the absolute peaks of the curves were
within approximately 1 cM of either side of the realsubstitution effects for QTL alleles in the second parent
QTL position in the linkage group for quantitative traitof the first population with larger standard errors than
loci that explain, on average, a minimum of 14% of thein the common founder. The average effect of allele sub-
phenotypic variation. Although the allele-substitutionstitution in chromosome 1 of founders 3 and 4 were not
effect of mild and strong QTLs in the common foundersignificant. These were QTLs of smaller effect than of
was often overestimated (Table 5), a 95% confidencethose from the common founder and the second founder
interval contains the real value of the parameter.of the first population, as given by (11). Seventy-five

The most recent QTL map for cocoa was developedpercent of the estimates of the allele-substitution effects
in chromosome 2 of founders 2, 3, and 4 were significant by Clement et al. (2003a, 2003b), from the crosses of

Table 5. Allele-substitution effects of the parental founder clones corresponding to the five simulated populations. The true parameter
values are shown on the first row of every combination of chromosome and simulation number, the estimated position and effect
below, and the standard error of the estimated effect (in parentheses).

Founder clones
QTL

Chromosome Simulation position† PCF PSF1
PSF2

PSF3
PSF4

PSF5

cM
1 1 95 5.2 2.6 1.7 1.3 1.0 0

11.4* 19.4* �0.2 0.6 0.5 �5.8
(5.4) (8.0) (8.0) (9.1) (9.0) (9.7)

2 60 7.3 3.6 2.4 1.8 1.5 0
8.4** 7.3** �4.1 0.9 �1.2 �17.2

(0.9) (2.0) (3.7) (2.7) (3.0) (6.8)
3 58 10.3 5.2 3.4 2.6 2.1 0

10.8** 7.0** 9.8** 0.1 0.7 2.7
(0.8) (1.7) (2.2) (5.2) (4.0) (2.7)

2 59 11.5 5.8 3.8 2.9 2.3 0
12.3** 8.3** 6.0** �1.6 �5.3 �4.1
(0.8) (2.0) (1.7) (2.5) (2.7) (3.1)

2 1 95 0 0 5.2 5.2 5.2 0
2.6* 1.2 �0.4 4.1 2.0 0.4

(1.2) (1.9) (9.6) (11.0) (2.1) (2.2)
2 30 0 0 7.3 7.3 7.3 0

0.2 0.9 9.6** 7.1** 4.8* �0.8
(0.8) (1.6) (2.0) (1.9) (2.0) (2.0)

3 30 0 0 10.3 10.3 10.3 0
�0.8 0.9 10.9** 11.1* 10.7** �0.6
(1.8) (1.6) (1.8) (1.6) (1.9) (2.3)

4 30 0 0 12.3 12.3 12.3 0
�1.7 1.1 12.1** 9.8** 10.2** 1.6
(1.8) (1.7) (1.6) (1.6) (1.7) (2.1)

* Significance at a probability of 0.05.
** Significance at a probability of 0.01.
† The estimated QTL position was obtained as the point in the linkage map at which the likelihood ratio statistic showed a maximum value. The true

QTL position is x � 59 cM in chromosome 1 and x � 29 in chromosome 2. The standard errors were obtained as the squared root of the appropriate
elements of the diagonal of the matrix (XT R̂�1X)�. PCF , PSFi

stand for common founder and second founder i (with i � 1, 2, 3, 4, 5), respectively.
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Table 6. Dominance effects for the five simulated populations. The true parameter values are shown on the first row of every combination
of chromosome and simulation number, the estimated position and effect below, and the standard error of the estimated effect
(in parentheses).

Population
QTL

Chromosome Simulation position† 1 2 3 4 5

cM
1 1 95 1.3 1 0.9 0.7 0

11.1* 1.6 �2.6 �0.3 �2.1
(4.8) (4.9) (5.6) (5.5) (5.6)

2 60 1.8 1.5 1.2 1.0 0
1.5 1.3 3.7* 1.8 �0.7

(0.8) (1.1) (1.0) (1.2) (1.0)
3 58 2.6 2.1 1.7 1.5 0

2.0** 0.8 2.4* 4.0** 1.4
(0.7) (1.0) (1.0) (1.2) (1.3)

4 59 2.9 2.3 1.9 1.6 0
3.1** 1.2 4.2** 1.4 0.9

(0.8) (0.9) (1.0) (1.1) (1.1)
2 1 95 0 0 0 0 0

�0.4 0.7 �0.1 1.4 1.4
(1.0) (1.4) (1.5) (1.0) (1.1)

2 30 0 0 0 0 0
�0.7 �0.2 0.2 1.9 �0.9
(0.8) (1.0) (0.9) (1.0) (1.0)

3 30 0 0 0 0 0
1.1 �1.4 �0.7 0.6 0.5

(0.8) (0.9) (0.8) (1.0) (1.2)
4 30 0 0 0 0 0

�0.9 �0.5 1.7* 0.9 0.2
(0.9) (0.8) (0.8) (0.8) (1.1)

* Significance at a probability of 0.05.
** Significance at a probability of 0.01.
† The estimated QTL position was obtained as the point in the linkage map at which the likelihood ratio statistic showed a maximum value. The true

QTL position is x � 59 cM in chromosome 1 and x � 29 in chromosome 2. The standard errors were obtained as the squared root of the appropriate
elements of the diagonal of the matrix (X T R̂�1X)�.

three female parental clones DR1, S52, and IMC78 and that combining F1 populations to perform association
analysis would increase the likelihood ratio peaks overthe male parental clone Catongo. DR1 and S52 are

Trinitario genotypes and IMC78 is an upper Amazon the region where the QTLs are located, as discussed by
Jansen et al. (2003) for multiple related F2:3 populations,Forastero, with heterozygosity estimates of 37, 27, and

27%, respectively; Catongo is a lower Amazon Foras- yielding more accurate and precise QTL maps than sin-
gle population analyses, especially for mild and strongtero clone with a highly homozygous genotype. Each

population was analyzed individually using an approxi- QTLs contained in the common founder. However,
more extensive simulation research should be done tomation to a testcross. The number of individuals of the

populations developed from the female parents DR1, test the proposed method that would include different
number of populations and population sizes, unequalS52 and IMC78, were 96, 94, and 125 for yield compo-

nents, vigor, and resistance to P. palmivora, and 95, 88, sizes among populations, and multiple QTLs in a linkage
group. This method was designed to be implementedand 124 for bean traits and ovule number, respectively.

QTL analyses using a backcross model with a sample with fully informative codominant markers, such as re-
striction fragment length polymorphism (RFLP) andsize of 100, and assuming an informative marker linked

5 cM from the putative QTL, would be able to detect simple sequence repeats (SSR). Less-than fully informa-
tive markers or dominant markers cannot be used witha QTL whose segregation accounts approximately a

minimum of 23% of total variance with a power of the haplotypic method as described above. Research
should be done on the implementation of partially infor-detection (probability of detecting a true association)

of 90% and a significance level of 5% (Lynch and Walsh, mative markers to estimate QTL as an extension of the
approach outlined in this study.1998). A Half-Sib Design in which every marker infor-

mative male parent is crossed to 100 female parents and Marker cofactors were successfully used in the models
of this research to control genetic background (Jansena single offspring is scored from each mating, would

have a power of detection of 44% with a significance and Stam, 1994; Zeng, 1994). Another possibility to
explore to control genetic background for more preciselevel of 5% and assuming a linked informative marker

5 cM away from the QTL that explains 14% of the phe- QTL estimation is the use of a structured covariance
matrix that would include both components of geneticnotypic variance. However, power is increased to 75%

if three half-sib families of 100 offspring each are used variance and covariance among individuals (Gianola
et al., 2003; Lund et al., 2003; Piepho, 2000), given thatto perform the analysis, and to 90% if five half-sib fami-

lies of 100 offspring each are used for the calculations individuals of the same population are full-sibs and in-
dividuals from different populations with one common(Lynch and Walsh, 1998). The results that we presented

using the haplotypic-based method give clear evidence founder are half-sibs. Thus, the Cov(yij, yij�) � d1 and
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�HCFHSFi
xPHCF x/ABij

PHSF x/ABij
� �HCFHSFi

,xPHCF x/ABij
PHSF ,x/ABij

�Cov(yij, yij�) � d2 are the covariances within and among
populations due to additive and nonadditive gene ac-

�HCF,HSFi
xPHCF ,x/ABij

� PHSF x/ABij
� �HCF,HSFi

,xPHCF ,x/ABij
PHSF ,x/ABij

�tion, including possible correlations caused by the envi-
ronment. Precise prior estimates of the narrow sense

�x�PHCF x/ABij
PHSF x/ABij

� PHCF x/ABij
PHSF ,x/ABij

�heritability for the analyzed trait would allow separation
of the additive component of variance and covariance of PHCF ,x/ABij

PHSF x/ABij
� PHCF ,x/ABij

PHSF ,x/ABij
� �

nonadditive components, otherwise they will be pooled
�x�PHCF x/ABij

� �1 � PHCF x/ABij
���PHSF x/ABij

� �1 � PHSF x/ABij
�� �together because of unreplicated F1 progeny. We used

a ridge-stabilized Newton-Raphson algorithm in this re-
�x�2PHCF x/ABij

� 1��2PHSF x/ABij
� 1�.search that generally converges with few iterations and

makes available asymptotic sample variances for the es-
timated parameters, however, requires matrix inversion REFERENCESin each iteration, making it highly demanding of com-
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