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ABSTRACT

The identification of genes that affect quantitative traits has been of great interest to geneticists for
many decades, and many statistical methods have been developed to map quantitative trait loci (QTL).
Most QTL mapping studies in experimental organisms use purely inbred lines, where the two ho-
mologous chromosomes in each individual are identical. As a result, many existing QTL mapping meth-
ods developed for experimental organisms are applicable only to genetic crosses between inbred lines.
However, it may be difficult to obtain inbred lines for certain organisms, e.g., mosquitoes. Although sta-
tistical methods for QTL mapping in outbred populations, e.g., humans, can be applied for such crosses,
these methods may not fully take advantage of the uniqueness of these crosses. For example, we can
generally assume that the two grandparental lines are homozygous at the QTL of interest, but such
information is not be utilized through methods developed for outbred populations. In addition, mating
types and phases can be relatively easy to establish through the analysis of adjacent markers due to the
large number of offspring that can be collected, substantially simplifying the computational need. In this
article, motivated by a mosquito intercross experiment involving two selected lines that are not genetically
homozygous across the genome, we develop statistical methods for QTL mapping for genetic crosses
involving noninbred lines. In our procedure, we first infer parental mating types and use likelihood-based
methods to infer phases in each parent on the basis of genotypes of offspring and one parent. A hidden
Markov model is then employed to estimate the number of high-risk alleles at marker positions and pu-
tative QTL positions between markers in each offspring, and QTL mapping is finally conducted through
the inferred QTL configuration across all offspring in all crosses. The performance of the proposed
methods is assessed through simulation studies, and the usefulness of this method is demonstrated
through its application to a mosquito data set.

MOST statistical methods for QTL mapping devel-
oped for experimental organisms are applicable

only to crosses starting from two inbred lines differing
in the trait of interest, with each inbred line genetically
homozygous between the two sets of chromosomes.
Crossing between the two lines yields F1 progeny, who
receive a copy of each chromosome from the two homo-
zygous inbred lines; thus they are heterozygous at all
loci where the two inbred lines differ. Therefore, geno-
types of the F2 progeny are highly informative for the
inheritance pattern at putative QTL sites. For example,
if the two parental lines are denoted by a high- (H) trait
line and a low- (L) trait line, respectively, having ge-
notype HH, HL, or LL at one putative QTL for an
F2 individual offers full information on the number of
high-trait alleles at the QTL, i.e., 2, 1, or 0, respectively.

However, crosses may be carried out between individ-
uals who are not completely homozygous across the
genome. Although we can generally assume that the two

lines being crossed are still homozygous at the QTL,
other loci along the genome may be heterozygous. For
example, a mosquito intercross experiment was con-
ducted to detect QTL in Anopheles gambiae that control
melanotic encapsulation response against Plasmodium
cynomolgi Ceylon (Zheng et al. 2003). The encapsulation
response is defined as the proportion of the encapsu-
lated oocysts among all oocysts in a single mosquito. The
crosses were carried out between a laboratory-selected
A. gambiae refractory strain L3-5 and a susceptible strain
4Ar/r. The A. gambiae female is recognized as the most
successful vector of human malarias. Refractoriness to P.
cynomolgi Ceylon in the original refractory strain L3-5
seems to be largely but not completely recessive, which is
also called incomplete recessive (Collins et al. 1986;
Vernick and Collins 1989). The encapsulation re-
sponses of 167 F2 females, among which 123 became
infected, from six intercrosses among offspring of L3-5
females and 4Ar/r males were tested and genotype data
were collected on these F2 females and their F1 maternal
parents at 52 microsatellite markers spanning the cur-
rent genetic map of A. gambiae. Among the six F1 fe-
male parents of the F2 progeny, 11 autosomal markers
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were found to have more than two alleles, indicating
that one or both of the parental strains (strain L3-5
and strain 4Ar/r) were polymorphic at these markers.
However, there were no genotype data from the two
original strains. For a detailed experimental setup and
phenotype information in F0 and F1 generations, see
Zheng et al. (2003). Due to the heterozygosity among
individuals in the parental lines, genotypes of F2 prog-
eny no longer offer full inheritance information at the
genetic markers, and the existing QTL mapping meth-
ods are either not applicable or not designed to op-
timally use information from such studies, although
much work has been done on QTL mapping between
outbred lines. For example, Haley et al. (1994) devel-
oped a least-squares method for the analysis of crosses
between outbred lines that simultaneously uses infor-
mation from multiple linked markers. Their method
has been applied in a three-generation pig experiment
(Knott et al. 1998) and implemented in a web-based
computer program, ‘‘QTL express’’ (Seaton et al. 2002).
Although they assumed that major QTL affecting the
trait of interest are fixed (although markers may be
segregating), genotypic data on both the F2 individuals
and their parents and grandparents are needed to con-
sider all possible line origin combinations at a putative
QTL in an F2 individual, making their method in-
applicable for the current mosquito crosses, which lack
grandparental and paternal genotype information.
More recently, Lin et al. (2003) proposed a method that
simultaneously estimates linkage phase, QTL location,
and effect parameters. In this method, no simplified
assumption that QTL are fixed was made, so all possible
cross types have to be considered, making the method
not optimized for the current mosquito crosses. Because
of the uniqueness of the current mosquito crosses, we
can make the assumption similar to that of Knott et al.
(1994) that the genotypes at the QTL locations in two
grandparental lines are fixed; thus, genotypes at the
QTL locations in an F2 individual can be considered
to be known provided that the phase type of an F2

individual can be estimated. Moreover, because of the
large number of F2 progeny of the mosquito crosses,
parental mating types and parental haplotypes can be
inferred with very high accuracy; thus, there is no need
to consider all possible cross types as required in the
method of Lin et al. (2003). This can greatly reduce the
inference complexity and makes our inference pro-
cedure more efficient. Therefore, to take full advantage
of these unique features of the mosquito data, we have
developed a statistical procedure for QTL mapping for
genetic crosses with similar characteristics. This proce-
dure consists of four components. First, we use genotypes
from one parent in the F1 generation and the F2 off-
spring to infer the F1 mating type. Second, a likelihood-
based method is used to infer the phases of the F1

parents. Third, a hidden Markov model is employed to
estimate the number of high-trait alleles each F2 indi-

vidual has at putative QTL locations. Finally, we perform
linear regression analysis coupled with permutation-
based methods to identify regions linked to the QTL.
The performance of our procedure is evaluated through
simulation studies, and our method is then applied to
the mosquito data set to identify QTL in A. gambiae
controlling the encapsulation response against P. cyn-
omolgi Ceylon. To mimic the mosquito crosses, we focus
on the intercross design, but extensions to other designs
are straightforward.

METHODS

Parental mating-type inference: For the mosquito
data, only genotypes from one parent are available, so
the genotypes of the other parent have to be inferred.
One advantage of the experimental crosses studied here
is that there are a sufficient number of F2 progeny within
each family so that the F1 mating type can be inferred
with very high confidence from the observed geno-
types of the F2 progeny together with possibly available
parental information. In appendix a and Table 1, we
show that the probability of making correct mating-type
inference approaches 1 when the number of offspring is
�20–30 from each family, which is about the family size
in the mosquito experiment. Therefore, the mating type
at each locus can be inferred with very high confidence.

Likelihood approach for phase inference in F1 par-
ents: In contrast to crosses between inbred lines where
phase (the composition of marker alleles on a single
chromosome) information is completely known for F1

individuals, the phase information is not known with
certainty due to heterozygosity in the F0 generation.
However, phase information is essential for QTL anal-
ysis to correlate the number of high-trait alleles at a
putative QTL site with the phenotype.

In this article, we use a likelihood-based approach for
phase inference for the individuals in the F1 generation.
We assume that the parental mating type can be in-
ferred with high confidence and the genetic map is also
known. As all these families have a very large number

TABLE 1

Probability of inferring F1 mating type correctly from F2
progeny and F1 maternal genotypes

True F1 mating type

No. of F2 progeny

n ¼ 5 n ¼ 10 n ¼ 20 n ¼ 30

AA 3 AA 1.0 1.0 1.0 1.0
AA 3 AB 0.9375 0.9980 1.0 1.0
AB 3 AB 0.5354 0.8874 0.9937 0.9996
AA 3 BB 1.0 1.0 1.0 1.0
AA 3 BC 0.9375 0.9980 1.0 1.0
AC 3 AB 0.7324 0.9427 0.9968 0.9998
AB 3 CD 0.9961 1.0 1.0 1.0
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of F2 individuals, a full-likelihood approach to make
simultaneous phase inference across all the markers is
computationally prohibitive. Therefore, we conduct se-
quential inference by inferring the phase of each pair
of adjacent markers. In appendix b, we show that the
probability of making correct phase inference on the
basis of a set of 30 offspring is very high when the genetic
distance between each pair of markers is not large
(Table 3). As an illustration of this inference procedure,
we consider the case where the two parents have four
distinct alleles in our discussion here, and the other
cases can be derived similarly. Let a, b, c, and d denote
the four alleles at the first marker, and the four alleles at
the second marker are denoted by 1, 2, 3, and 4. In this
case, for each pair of markers, we write the mating type
at the first marker as ab3 cd, where allele a represents
the allele in the mother with a grandmaternal origin,
allele b represents the allele in the mother with a
grandpaternal origin, and c and d represent alleles in
the father with grandmaternal and grandpaternal ori-
gins, respectively. When genotype information is not avail-
able from either parent, we can fix the mating type at the
first marker as ab3 cd,and then there are eight possible
mating types at the second marker: 123 34, 123 43, 213

34, 21 3 43, 34 3 12, 34 3 21, 43 3 12, and 43 3 21. For
each of these eight mating types at the second marker,
we can calculate the likelihood of observing individual
genotypes across these two markers in the F2 progeny
within each family. The phase across these two markers
can be inferred through the comparisons of the like-
lihoods among all eight possible mating types. For
example, consider the following mating type between
two parents: (a1, b2) 3 (c3, d4), where the phases in the
mother are a1 and b2, and those in the father are c3 and
d4. In the formation of F2 progeny, the mother has a
chance of ð1 � rÞ=2 to generate a nonrecombinant gam-
ete a1 or b2, respectively, and a chance of r=2 to gen-
erate a recombinant gamete a2 and b1, respectively.

Similarly, the father has a chance of ð1 � r Þ=2 to gen-
erate a nonrecombinant gamete c3 or d4, respectively,
and a chance of r=2 to generate a recombinant gamete
c4 and d3, respectively. Here r is the recombination
fraction between the two markers. Therefore, 16 possi-
ble two-locus phase types can be formed in the F2 prog-
eny. The probability for each possible two-locus F2

phase type under this specific case is summarized in
Table 2. Because the genotypes of the F2 progeny are
independent conditional on the F1 mating types, the
likelihood of the observed F2 genotypes is

Lj ¼
Y16

i¼1

paiG2i jPH2j
; j ¼ 1; . . . ; 8; ð1Þ

where pG2i jPH2j
¼ PrðF2 two-locus genotype G2i j F1 two-

locus phase type PH2jÞ is the probability of an F2 prog-
eny having genotype combination i at the two markers
given that the F1 two-locus phase type is j; and ai is the
number of F2 progeny having genotype combination i at
the two markers. We choose the F1 two-locus phase type
that gives the highest likelihood among the eight pos-
sible F1 parental phase types and proceed with the same
procedure until reaching the last marker on the chro-
mosome. We then obtain the four complete haplotypes
for the F1 parents, conditioning on the prefixed phase
type at the first marker. When the genotype information
from one parent is available, there are four possible
mating types at each marker and the phase information
can be inferred similarly as described above. As de-
scribed in appendix b and shown in Table 3, simulations
suggest that the probability of correctly inferring the
F1 haplotype approaches 1 with �20–30 offspring in a
given family, so this pairwise procedure offers an excel-
lent balance between inference accuracy and computa-
tional efficiency.
Hidden Markov model for the inference of the

number of high-trait alleles: In statistical analysis of

TABLE 2

Probabilities for F2 individual genotypes conditional on the phases in the parents

Paternal
haplotype in F1

generation
(probability)

Maternal haplotype in F1 generation (probability)

a
1

� �
0:5ð1 � rÞ b

2

� �
0:5ð1 � rÞ a

2

� �
0:5r

b
1

� �
0:5r

c
3

� �
0:5ð1 � rÞ ac

13

� �
0:25ð1 � rÞ2 bc

23

� �
0:25ð1 � r Þ2 ac

23

� �
0:25rð1 � rÞ bc

13

� �
0:25rð1 � rÞ

d
4

� �
0:5ð1 � r Þ ad

14

� �
0:25ð1 � rÞ2 bd

24

� �
0:25ð1 � r Þ2 ad

24

� �
0:25rð1 � rÞ bd

14

� �
0:25rð1 � rÞ

c
4

� �
0:5r

ac
14

� �
0:25rð1 � r Þ bc

24

� �
0:25rð1 � rÞ ac

24

� �
0:25r 2 bc

14

� �
0:25r 2

d
3

� �
0:5r

ad
13

� �
0:25r ð1 � r Þ bd

23

� �
0:25rð1 � rÞ ad

23

� �
0:25r 2 bd

13

� �
0:25r 2

r, recombination fraction between two markers.
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crosses resulting from inbred lines, the degree of asso-
ciation between the trait value of each individual in the
F2 generation and the number of high-trait alleles at the
putative QTL site(s) provides information on genetic
linkage. For these crosses, it is relatively straightforward
to estimate the number of high-trait alleles at each posi-
tion along the chromosomes. However, for the crosses
considered here, such inference is more difficult, espe-
cially when the grandparental origin of each allele is
unknown. In the following discussion, although the two
noninbred lines are not genetically homozygous at some
markers, we assume that they are genetically identical at
the QTL within each grandparental line and are dif-
ferent between the two lines because the trait of interest
is not segregating within each grandparental line. There-
fore, we can denote the genotype at a QTL of the high-
trait line in the F0 generation as HH and that of the
low-trait line as LL, so each F1 progeny has genotype HL,
with one high-trait allele and one low-trait allele. In the
intercross setting, at each putative QTL, if we label the
two haplotypes, inferred phases across all the markers,
in the mother by M1 and M2 and the two haplotypes in
the father by P1 and P2, there are four possible combi-
nations of haplotypes and QTL alleles for F1 parents:
(H, M1)(L, M2) 3 (H, P1)(L, P2), (H, M1)(L, M2) 3

(H, P2)(L, P1), (H, M2)(L, M1) 3 (H, P1)(L, P2), and
(H, M2)(L, M1) 3 (H, P2)(L, P1). For example, in the
case of (H, M1)(L, M2)3 (H, P1)(L, P2), M1 and P1 are
the haplotypes transmitted from the high-trait line and
M2 and P2 are the haplotypes transmitted from the low-
trait line. For each F2 individual, our goal is to estimate
the number of high-trait (H) alleles at each candidate
QTL. In the absence of information on the origins of
haplotypes M1, M2, P1, and P2, we need to consider all
these four possibilities. For each given possibility, e.g.,

(H, M1)(L, M2) 3 (H, P1)(L, P2), we can use a hidden
Markov model described in the following to infer the
number of H alleles at the putative QTL sites along the
chromosome conditional on the observed genotypes of
the offspring and the haplotypes of the parents.

At a given locus i on a chromosome for an F2 progeny,
the grandparental origin, i.e., the number of high-trait
alleles at a putative QTL site, is not directly observable
and can be thought of as a hidden state. We use 1 to
denote the event that the mother transmitted the high-
trait segment to the offspring, 3 to denote the event that
the mother transmitted the low-trait segment, and 2 or
4 to denote the event that the father transmitted the
high-trait segment or low-trait segment to the offspring,
respectively. Using this notation, there are four possi-
ble types at marker i in the F2 progeny, denoted by
1i2i ; 1i4i ; 3i2i , and 3i4i . So there are four possible
hidden states, and the hidden state at marker i is
denoted by PHi. Note that the hidden state for an F2

individual at a given marker corresponds to the in-
heritance vector for this individual at that marker
(Lander and Green 1987). The observed genotype Gi

of the F2 progeny at the marker is treated as the ob-
served state. Assuming the no interference model for
the crossover process, the hidden states fPHig follow a
Markov chain,

PrðPHi11 jPHi ; . . . ;PH1Þ ¼ PrðPHi11 jPHiÞ; ð2Þ

where PrðPHi11 jPHiÞ is the transition probability of the
hidden states from one marker to another marker,
which depends only on the recombination fraction
between the two markers. The transition probabilities
are summarized in Table 4. The distribution of the
initial hidden states, i.e., hidden states at the first marker
on a chromosome, is set to

pð1121Þ ¼ pð1141Þ ¼ pð3121Þ ¼ pð3141Þ ¼ 1
4: ð3Þ

As for the emission probability PrðGi ¼ gi jPHi ¼ phiÞ
at marker i in the F2 progeny, we take a marker with F1

phase type phi ¼ ab3 ba as an example, and the ge-
notypes at this marker in the F2 progeny are aa, ab, and
bb. The phase types at this marker in the F2 progeny

TABLE 3

Probability of inferring F1 phase type correctly with different
map distances and numbers of F2 progeny

Map distance
(cM)

No. of F2 progeny

n ¼ 5 n ¼ 10 n ¼ 20 n ¼ 30

4 0.7443 0.9433 0.9969 0.9998
6 0.7410 0.9426 0.9968 0.9998
8 0.7367 0.9421 0.9967 0.9998
10 0.7324 0.9409 0.9967 0.9998
12 0.7282 0.9392 0.9965 0.9998
14 0.7236 0.9374 0.9965 0.9998
16 0.7182 0.9352 0.9963 0.9998
18 0.7127 0.9323 0.9956 0.9997
20 0.7066 0.9289 0.9951 0.9995
25 0.6895 0.9171 0.9924 0.9990
30 0.6723 0.9016 0.9875 0.9973
35 0.6543 0.8833 0.9788 0.9940
40 0.6367 0.8618 0.9672 0.9882
50 0.6051 0.8197 0.9345 0.9678

TABLE 4

Transition probabilities between hidden states,
Pr(PHi11 ¼ phi11 jPHi ¼ phi)

phi

phi11

1i112i11 1i114i11 3i112i11 3i114i11

1i2i ð1 � riÞ2 rið1 � riÞ rið1 � riÞ r 2
i

1i4i rið1 � riÞ ð1 � riÞ2 r 2
i rið1 � riÞ

3i2i rið1 � riÞ r 2
i ð1 � riÞ2 rið1 � riÞ

3i4i r 2
i rið1 � riÞ rið1 � riÞ ð1 � riÞ2
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are ab, aa, bb, and ba. Thus, the emission probabilities at
marker i are

Eðphi ; giÞ ¼ PrðGi ¼ gi jPHi ¼ phiÞ ¼

HnO aa ab bb
12 0 1 0
14 1 0 0
32 0 0 1
34 0 1 0

0
BBBB@

1
CCCCA; ð4Þ

where H denotes the hidden state and O denotes the
observed state.

Given these three components in the hidden Markov
model, we can estimate the probabilities of the hidden
states in the F2 progeny at each marker as reviewed in
Rabiner (1989). Note that we have four sets of esti-
mated high-trait allele distributions according to the
four phase types at each putative QTL location.

Hidden Markov model for interval mapping:
Lander and Botstein (1989) proposed an interval
mapping method that is more powerful than marker-
based analysis. The above hidden Markov model can
be extended in a straightforward manner to infer the
number of high-trait alleles at any position between two
flanking markers. If we denote the observed genotypes
at all marker positions by Mi ; i ¼ 1; . . . ; I, denote
Bj ; j ¼ 1; . . . ; J as the genotypes at the jth putative
QTL locus among a total of J considered QTL between
the two flanking markers Mi and Mi11, and also de-
note qj as the phase type at the jth putative QTL, we then
have

Prðqj jM ¼ ðM1; . . . ; Mi ; Mi11; . . . ; MI ÞÞ; j ¼ 1; . . . ; J

¼
X
Bj

Prðqj jM 9 ¼ ðM1; . . . ; Mi ; Bj ; Mi11; . . . ; MI ÞÞ

3PrðBj jMi ; Mi11Þ: ð5Þ

Here Prðqj jM 9Þ can be obtained similarly as described
in the previous section, and PrðBj jMi ; Mi11Þ can be ob-
tained on the basis of the recombination fractions
ri;j and rj ;i11, where ri;j is the recombination fraction
between marker Mi and the jth putative QTL, and rj ;i11

is the recombination fraction between the jth putative
QTL and markerMi11. The two recombination fractions
can be calculated on the basis of the map distance using
Haldane’s map function, which assumes no interfer-
ence. We can add putative QTL positions throughout
the chromosome (for example, every 1 cM or every 2 cM).
For each added putative QTL position, recombina-
tions can be calculated on the basis of the map distance
from the added position to the two flanking markers.
A detailed derivation of Equation 5 can be found in
appendix c.

QTL analysis: The statistical association between a
putative QTL and phenotypes is tested by regressing
the phenotypes on the estimated number of high-trait
alleles obtained from the hidden Markov model,

Yk ¼ b0 1b1Xk ; ð6Þ

where Xk denotes the inferred expected number of
high-trait alleles of the kth individual in the F2 progeny
at the tested putative QTL, and Yk denotes the quanti-
tative phenotype of the kth individual in the F2 progeny.
Within each intercross family, we calculate the F-statistic
for the null hypothesis of no association between the
phenotype and a putative QTL, H0:b1 ¼ 0,

Fl ¼
MSRl

MSEl
¼ SSRl=1

SSEl=ðnl � 2Þ; l ¼ 1; . . . ; L; ð7Þ

where SSRl ¼
Pnl

i¼1ð �Y �Y

˘

iÞ2; SSEl ¼
Pnl

i¼1 ðYi� Y

˘

iÞ2, nl
denotes the number of F2 progeny within family l, Y

˘

i is
the fitted value of phenotypeYi , and L is the number of
families. We can then obtain the overall F-statistic Fcom,

Fcom ¼
P

L
l¼1 MSRlP
L
l¼1 MSEl

: ð8Þ

For each putative QTL, we conduct four tests based on
the estimated number of high-trait alleles assuming the
four configurations at the QTL as explained above and
we select the maximum Fcom-statistic among the four
Fcom-statistics and name it the Fall-statistic, which will be
the test statistic for QTL mapping.
Simulation studies: To study the performance of our

procedure for QTL mapping in experimental crosses
in the case of noninbred lines in the F0 generation,
we performed two simulation studies. The first study
evaluated the procedure when the QTL was genotyped,
i.e., the QTL is one of the genetic markers used, called
the putative simulation case in the following discussion;
and the second simulation study considered the situa-
tion where the QTL was not genotyped but fell between
two markers, called the interval simulation case in the
following discussion. All simulations were designed to
mimic the mosquito intercross experiment: six inter-
cross families with 30 progeny in each family, with 15
markers on one chromosome for the putative simula-
tion case and 14 markers for the interval simulation
case. We assumed an incomplete recessive genetic model,
which means that instead of only F1 homozygotes being
susceptible, a proportion of heterozygous mosquitoes
can also develop the phenotype. Thus, we defined the
genotypic value to be a for QTL genotype HH; and for
individuals with QTL genotype HL, b3 100% had aver-
age value a, and ð1 � bÞ3 100% had average value �a,
where b is called the degree of incompleteness; for the
QTL genotype LL, the genotypic value is �a. We set the
overall trait variance to be 1, and the proportion of vari-
ance due to genetic factors (heritability) is h2 ¼ VarQTL;
i.e., VarTotal ¼ VarQTL 1Varenvir ¼ h2 1Varenvir ¼ 1, with
Varenvir ¼ 1 � h2. Note that the heritability used here is
defined in the broad sense, also called the degree of
genetic determination (Falconer and Mackay 1996).
By fixing heritability h2 and the degree of incomplete-
ness b to some prespecified level, we can obtain the
genotypic value a by solving the equation
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h2 ¼ VarQTL ¼ a2½0:51 ðb � 0:5Þ2�:

(For a detailed derivation of the heritability with in-
completeness, see appendix d.) Given the simulated
genotypes, the phenotypic effect can be simulated fol-
lowing a normal distribution N ða; 1 � h2Þ or N ð�a;
1 � h2Þ as described above.

We first assigned allele frequencies of the 15 markers
on one chromosome for the two grandparental lines
in the F0 population. To mimic the situation of two
noninbred lines in the F0 population, a single QTL was
positioned at 35 cM on the 100-cM chromosome seg-
ment (marker 4), which was genetically homozygous, while
all other markers were polymorphic instead and the
number of alleles was up to four. These numbers were
also chosen to mimic the mosquito intercross data.
The 15 genetic markers had a marker spacing of 4.5–
10.7 cM. The assigned allele frequencies and marker
locations are displayed in Table 5.

For the putative simulation case, we simulated two
haplotypes of the F1 mother on the basis of the pre-
defined allele frequencies with one haplotype from each
population line. The same simulation procedure was
repeated to obtain the two haplotypes of the F1 father.
The genotypes of each F2 progeny were simulated on
the basis of the simulated F1 haplotypes and the recom-
bination rates among the markers. More specifically, we
chose an allele at the first marker with probability 0.5
from the mother and father and then, starting from the
second marker, chose an allele either from the same
haplotype or from a different haplotype from the sub-
sequent marker according to whether there was a recom-
bination event between the two markers for a parent.

For the interval simulation case, the putative QTL
located at marker 4 was removed from the simulated
data sets, making the total number of markers equal to

14. Therefore, the QTL was located between the third
and fourth markers in this case. The phenotype data
were still simulated on the basis of the QTL genotype for
each individual, and all other simulation procedures
remained the same.

We also performed simulation studies to study the
impact of varying marker information content on QTL
analysis. We tested this by setting some F2 genotypes to
be missing at some markers or by setting several markers
to have only one allele in the F1 mating type, where we
modified the allele frequencies of three markers (2, 9,
and 15) as shown in Table 5. When genotype informa-
tion is missing in F2 individuals at some markers, the
interval QTL calculation for the number of expected
high-trait alleles is carried out using the two nearest
existing flanking markers while the positions of the
added interval QTL are kept, i.e., between two flanking
markers that are supposed to be genotyped no matter

TABLE 5

Assigned allele frequencies and marker locations for simulations

Locus

Population 1 (maternal line) Population 2 (paternal line)
Genetic map
location (cM)a b c d a b c d

1 1.0 0.0 0.0 0.0 0.6 0.4 0.0 0.0 0.6
2 0.95 0.05 0.0 0.0 0.05 0.95 0.0 0.0 7.1
3 0.6 0.4 0.0 0.0 0.8 0.2 0.0 0.0 16.0
4 1.0 0.0 0.0 0.0 0.0 1.0 0.0 0.0 20.6
5 0.5 0.2 0.3 0.0 0.8 0.2 0.0 0.0 28.1
6 0.8 0.2 0.0 0.0 0.2 0.7 0.1 0.0 35.2
7 0.35 0.35 0.15 0.15 0.35 0.35 0.15 0.15 45.9
8 0.35 0.35 0.15 0.15 0.35 0.35 0.15 0.15 52.2
9 0.6 0.2 0.2 0.0 0.2 0.8 0.0 0.0 56.7
10 0.4 0.6 0.0 0.0 0.4 0.6 0.0 0.0 62.5
11 0.8 0.2 0.0 0.0 0.3 0.7 0.0 0.0 70.0
12 0.2 0.8 0.0 0.0 0.4 0.6 0.0 0.0 75.2
13 0.3 0.4 0.3 0.0 0.3 0.4 0.3 0.0 84.4
14 0.5 0.5 0.0 0.0 0.5 0.5 0.0 0.0 90.1
15 0.5 0.5 0.0 0.0 0.5 0.5 0.0 0.0 95.7

TABLE 6

Summary of encapsulation responses of F2 females within
each family

Family
Total no. of
F2 females

No. of F2 females that
became infected

(proportion infected)

Mean 6 SD of
encapsulation

response

1 38 37 (0.97) 0.472 6 0.198
2 31 20 (0.65) 0.425 6 0.173
3 25 19 (0.76) 0.529 6 0.176
4 24 16 (0.67) 0.439 6 0.218
5 20 15 (0.75) 0.857 6 0.122
6 29 16 (0.55) 0.625 6 0.250
Total 167 123 (0.74) 0.536 6 0.201

Encapsulation response is defined as the proportion of the
encapsulated oocysts among all oocysts.
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whether the genotype information is present or not. We
explored the impact of missing marker genotypes by
testing different levels of missingness.

For all sets of simulation studies, we also performed
interval mapping by considering putative QTL between
two flanking markers as described in Hidden Markov
model for interval mapping.

We performed 1000 simulations for all simulation
scenarios. For each simulation, we first estimated the
100ð1 � aÞ% chromosomewide threshold for the Fall-
statistic. With specified heritability and degree of in-
completeness, we simulated F2 phenotype data on the
basis of F2 genotype data at the true QTL. We then
applied our procedure and recorded the chromosome-
wide maximum Fall-statistic under H1 for this specific
simulation. The 100ð1 � aÞ% chromosomewide thresh-
old for the Fall-statistic was estimated through the per-
mutation test. To generate the permuted samples, we

permuted the simulated phenotypes within each family
and kept the simulated F2 genotype at the QTL loca-
tion intact, i.e., kept the expected number of high-trait
alleles of each individual intact. Each permutation
generated a new data set in which the null hypothesis
of no linkage between the phenotypes and the putative
QTL holds. The resulting chromosomewide maximum
Fall-statistic was stored and the permutation procedure
was repeated 1000 times. The 100ð1 � aÞ percentile of
the maximum Fall-statistic was recorded (Churchill

and Doerge 1994; Broman 2003) as our estimated
chromosomewide critical value, and we used this value
to detect the presence of a QTL on the chromosome to
control the overall type I error rate to be #a for this
current simulated data set. The whole procedure was
repeated 1000 times, and the proportion of times that
the null hypothesis of QTL not on this chromosome was
rejected was the estimated power to detect the QTL.

Figure 1.—Histograms
of the encapsulation re-
sponses within each individ-
ual family and for the six
families combined. The last
histogram shows the overall
distribution after arcsine
square-root transformation
for the six families combined.

QTL Mapping in Noninbred Crosses 2299
D

ow
nloaded from

 https://academ
ic.oup.com

/genetics/article/172/4/2293/6061599 by guest on 25 M
ay 2023



Mosquito data: As explained in the Introduction, a
set of experiments was carried out to identify genes in
A. gambiae controlling the melanotic encapsulation re-
sponse against P. cynomolgi Ceylon (Zheng et al. 2003).
The encapsulation responses of 167 F2 females from six
intercrosses among offspring of L3-5 females and 4Ar/r
males were tested, among which 123 F2 females became
infected. The encapsulation responses of the F2 females
in the six families are summarized in Table 6 and the
histograms of each individual family and six families
combined are provided in Figure 1. Note the significant
departure from a normal distribution of the encapsula-
tion responses; therefore, the standard deviations in
Table 6 should be interpreted as a very approximate
indication of the spread of the responses. Among the 52
genotyped microsatellite markers spanning the genetic
map of A. gambiae, 35 were informative markers, in-
cluding 5 on the X chromosome, 16 on the second
chromosome, and 14 on the third chromosome. No
QTL was found on the X chromosome, so we focused on
chromosome 2 and chromosome 3 in this article. Note
that Zheng et al. (1996) observed that recombination in
both male and female mosquitoes was comparable, and
a similar observation was made in other anopheline
mosquitoes (Mitchell et al. 1993; Seawright and
Narang 1993). Therefore, in this article, we used the
same genetic map for both males and females.

The Fall-statistic at each marker position as well as
at each putative QTL position between two flanking
markers was obtained and the statistical significance of
the Fall-statistics was evaluated empirically through the

permutation test. To generate the permuted samples,
we permuted the encapsulation phenotype within each
family and kept the expected number of high-trait al-
leles of each individual intact. Each permutation gen-
erated a new data set in which the null hypothesis of
no linkage between the phenotype and the genotype of
the putative QTL holds. The permuted data were then
analyzed for QTL effects within each individual family.
The resulting Fall-statistics at each position were stored
and the procedure was repeated 10,000 times. To cal-
culate the empirical P-values adjusting for multiple test-
ing, we applied the procedure by Lystig (2003), where,
for each permutation, the largest Fall-statistic was re-
corded and the adjusted P-value is the proportion of the
maximum Fall-statistics from 10,000 permutations that is
greater than or equal to the original Fall-statistic.

We also conducted QTL mapping by comparing the
observed chromosomewide maximum Fall-statistic with
the chromosomewide critical value obtained similarly as
described in the Simulation studies section on the basis of
permutations. Chromosomes that have chromosome-
wide maximum Fall-statistics exceeding the critical value
possibly bear one or more QTL.

RESULTS

In the simulation studies, we considered four levels
of heritability, from very low to moderate, 0.03125,
0.0625, 0.125, and 0.25. We also considered two levels
of incompleteness, 0.5 and 0.7, to mimic the mosquito

TABLE 7

Power results for different simulation scenarios

Power

Scenario
Missing

rate

Incompleteness ¼ 0.5 Incompleteness ¼ 0.7

Heri
0.03125

Heri
0.0625

Heri
0.125

Heri
0.25

Heri
0.03125

Heri
0.0625

Heri
0.125

Heri
0.25

Putative simu 0 0.317 0.695 0.983 1.0 0.290 0.644 0.970 1
0.1 0.282 0.638 0.975 1.0 0.264 0.594 0.956 0.999
0.25 0.246 0.533 0.941 0.999 0.229 0.500 0.920 0.987

Putative simu with
interval mapping

0 0.378 0.774 0.984 1.0 0.354 0.735 0.973 1

0.1 0.359 0.736 0.980 1.0 0.336 0.696 0.965 0.999
0.25 0.308 0.647 0.962 0.999 0.278 0.609 0.947 0.991

Interval simu 0 0.228 0.493 0.897 1.0 0.208 0.460 0.861 1
0.1 0.207 0.437 0.851 0.999 0.189 0.402 0.815 1
0.25 0.163 0.338 0.746 0.991 0.147 0.310 0.710 0.999

Interval simu with
interval mapping

0 0.237 0.546 0.914 1.0 0.223 0.503 0.890 1

0.1 0.218 0.479 0.883 1.0 0.202 0.440 0.848 1
0.25 0.175 0.369 0.784 0.994 0.157 0.344 0.741 0.999

Heri, heritability; Simu, simulation.
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study, where the degree of incompleteness was slightly
.50%. With these two parameters fixed, the corre-
sponding phenotypic value can be calculated accord-
ingly. The significance level awas set to be 0.05. Another
simulation parameter we considered was missing geno-
type rate. We tested three different missing genotype
rates, 0, 0.1, and 0.25, to explore the impact of missing
marker genotypes. We also tested the impact of having
one allele at some marker positions in F1 mating types
using interval simulation when the missing genotype
rate was set at 0.1 and the degree of incompleteness was
set at 0.5.

As shown in Table 1, when the number of F2 progeny
was�20–30 in a given family, the probability of inferring
F1 mating type correctly approaches 1. Similarly, Table 3
shows that the probability of inferring an F1 haplotype

correctly also approaches 1 when the map distance be-
tween two markers was as long as 40 cM. We note that
the maximum map distances between adjacent markers
on the two mosquito chromosomes are both �18 cM.
Therefore, with six mosquito families having �15–37
individuals in the F2 generation, we should have very
high confidence that our pairwise procedure for the F1

phase inference within each mosquito family can lead to
accurate inference.

To estimate the overall type I error rate, we simulated
F2 phenotype data under H0:QTL is not in this place,
and obtained the chromosomewide critical value for
the simulation following the permutation procedures
described in Simulation studies. We then compared the ob-
served chromosomewide maximum Fall-statistic with the
chromosomewide critical value. The above procedure was

Figure 2.—Power to detect a putative QTL and an interval QTL based on 1000 simulations. Heritabilities were set at 0.03125,
0.0625, 0.125, and 0.25; degrees of incompleteness were set at 0.5 and 0.7; and missing genotype rates were set at 0, 0.1, and 0.25.
‘‘Put Simu,’’ putative simulation with mapping at marker positions only; ‘‘Add Interval QTL for Put Simu,’’ putative simulation with
interval mapping; ‘‘Int Simu,’’ interval simulation with mapping at marker positions only; ‘‘Add Interval QTL for Int Simu,’’ in-
terval simulation with interval mapping.
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repeated 1000 times and the proportion of times that
the null hypothesis was rejected was an estimate of the
overall type I error rate. Our simulation for the overall
type I error rate was based on one parameter setting
when the heritability was 0.25, the degree of incom-
pleteness was 0.5, and the missing genotype rate was 0.
The overall type I error rate for the interval simulation
case with QTL at a marker was 0.049, and it was 0.059 for
the interval simulation case using the interval mapping
method, both of which are within the 95% confidence
interval (0.036, 0.064) for a 5% nominal type I error rate
based on 1000 simulations.

The power analysis results from different simulation
studies for both interval simulation and putative simu-
lation scenarios are summarized in Table 7 and plot-
ted in Figure 2. Figure 2 includes results both from
marker-based analyses and from interval mapping scan-
ning through the chromosome at every 2 cM. We note
the following:

1. The interval mapping method did provide higher
power than mapping at marker positions only for all
scenarios considered. For example, when heritability
was 12.5% and the missing genotype rate was 25%,
for the interval simulation scenario we had 75%
power using marker-based analysis and 80% power
using interval mapping.

2. As heritability increased, the power to detect QTL
increased, achieving almost 100% power when the
heritability was set at 25% for both putative and
interval simulations with different missing genotype
rates considered.

3. As the missing genotype rate increased, the power
decreased, where the loss in power was greater for
the interval simulation scenario than that for the pu-
tative simulation scenario. The loss in power was the
greatest when heritability was either 0.0625 or 0.125,
with as much as 30% power loss, whereas the power
loss was relatively small when heritability was 0.25.

4. When the degree of incompleteness was increased
from 0.5 to 0.7, there was consistent decrease in
power for both putative and interval simulations for
all levels of heritability.

In testing the impact of having only one allele at some
markers in the F1 mating type, we focused on interval
simulation when the degree of incompleteness was 0.5,
and the missing genotype rate was 0.1. The results are
summarized in Table 8. There was clear power loss in
QTL detection when there was only one allele at some
markers in the F1 mating type compared to the situation
when there were two or more alleles at all markers in the
F1 mating type for all heritability values considered.
Note that the estimated QTL effect, i.e., the regression
coefficient estimate from the QTL analysis, was �0.7–
0.9 when the heritability value was 0.25. When the heri-
tability was 0.03125, the estimated QTL effect decreased
to �0.3–0.5.

The results from the mosquito intercross data at marker
positions as well as results from interval QTL mapping
scanning through the chromosome at every 2 cM are
plotted in Figure 3 for chromosome 2 and in Figure 4
for chromosome 3, respectively. Also plotted are the
adjusted P-values for analysis at marker positions es-
timated on the basis of the permutation procedure
described in methods and the chromosomewide thresh-
old values controlling the overall type I error rate to
be a ¼ 0:05. These results suggest that one possible
QTL region on chromosome 2 and two QTL regions
on chromosome 3 were related to encapsulation re-
sponse against P. cynomolgi Ceylon. Note that previous
genetic mapping experiments on encapsulation response
against P. cynomolgi B, a simian malaria originating in
Malaysia, with the current refractory (L3-5) and suscep-
tible (4Ar/r) strains have identified one major (named
Pen1) and two minor (named Pen2 and Pen3) autosomal
dominant QTL. Pen1 has been mapped to chromosome
2R, division 8C, while Pen2 and Pen3 are less precisely
located (Collins et al. 1997, 1999; Zheng et al. 1997). In
our investigation with these mosquitoes on the response
of L3-5 to infection with P. cynomolgi Ceylon, on chro-
mosome 2, close to markers H290 or H175, where Pen1
was most precisely defined, a major QTL was identified
at markers 3F11-C1, while previous analyses of this
data set found marker 3F11-C1 having a large but not
significant F-statistic and thus did not define a new QTL
(Zheng et al. 2003). Marker H095 appeared to define
another minor QTL on the basis of the permutation-
adjusted P-value, and this marker was most closely

TABLE 8

Power comparison of having only one allele at some markers
in F1 mating type vs. having two or more alleles at all

markers in F1 mating type

Heri

Two or more
alleles at all

markers in F1

mating type

One allele at
three markers

(loci 2, 9, and 15)
in F1 mating type

0.25 Marker 0.999 0.996
Interval 1.0 0.996

0.125 Marker 0.851 0.801
Interval 0.883 0.816

0.0625 Marker 0.437 0.407
Interval 0.479 0.432

0.03125 Marker 0.207 0.192
Interval 0.282 0.202

The degree of incompleteness was set at 0.5, the missing
genotype rate was set at 0.1. The results are based on inter-
val simulations. Heri, heritability; Marker, QTL analysis at
marker position; Interval, QTL analysis based on interval
mapping.
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associated with Pen3, a minor QTL for P. cynomolgi
B encapsulation. Note that previous analyses defined
markers H135 and H095 as a novel QTL, termed Pcen2R
(Zheng et al. 2003). The interval mapping method
identified another possible minor QTL between mark-
ers H290 and H799 on chromosome 2. Two major QTL
regions were identified on chromosome 3. Marker 3A6-
17 defined a major QTL region, where the nearest
markers H555 and H158 defined a QTL Pcen3R in the
previous linear regression analyses (Zheng et al. 2003).
Marker 3A2-29 defined another major QTL region,
where marker 3A2-29 defined a novel QTL Pcen3L from
the previous linear regression analysis (Zheng et al.
2003). Interval mapping with a 2-cM scan on chromo-
some 3 revealed another peak between two tightly
linked markers 3A2-29 and marker H577, which con-
firmed the major QTL defined by 3A2-29. Note that the
estimated QTL effect was �0.3–0.4 for chromosome
2 and �0.4–0.5 for chromosome 3. We also note that
marker H758 was the marker most closely associated
with Pen2 and marker 3A2-29, which gave the highest
Fall-statistic on chromosome 3, was not available yet
when studies on P. cynomolgi B were conducted.

DISCUSSION

In this article, we have considered QTL mapping in
experimental crosses between noninbred lines. Under
this situation, most QTL mapping methods are no longer
applicable since they generally assume that experimental
crosses begin with two genetically homozygous inbred
lines. The development of this method is motivated by a
mosquito intercross experiment involving two laboratory-
selected lines that are not genetically homozygous
across many markers. Although some methods have
been developed for crosses between outbred lines (e.g.,
Haley et al. 1994; Knott et al. 1998; Lin et al. 2003),
none of them are optimized for the current mosquito
crosses for reasons noted in the Introduction. There-
fore, our method may prove useful for QTL mapping in
similar crosses. Note that in our procedure we focus on
the F2 intercross only, but extensions to other designs
are straightforward.

The simulation results indicate the feasibility and
power of the proposed method for both putative simu-
lation and interval simulation scenarios. As we expected,
under the putative simulation scenario, we had higher

Figure 3.—Results of QTL analysis on marker positions and results using interval QTL mapping for chromosome 2 of the
mosquito intercross data. (Top) Fall-statistics (solid line) together with the adjusted P-values (dashed line) for marker-based anal-
ysis. (Bottom) Fall-statistics based on interval mapping. The dotted lines in both parts show the chromosomewide critical values,
and the dashed line in the top is the 1–0.05 critical value for the adjusted P-values.
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power for QTL mapping than that under the interval
simulation scenario, and, as heritability increased, the
power to detect QTL increased as well. In addition, the
interval mapping approach had better power than that
of marker-based analysis for all scenarios considered.
We note that marker information content can influence
the power of QTL analysis, where missing genotype
information in the F2 progeny would lead to power loss
in QTL mapping. A higher missing genotype rate could
lead to more power loss, and the loss is greater for the
interval simulation scenario than that for the putative
simulation scenario. We have also investigated the effect
of the degree of incompleteness on power. Note that the
power obtained here is for whether there is a QTL on
the chromosome, and this procedure is not designed to
test whether there are multiple QTL. Extensions of
the permutation-based method to estimate the empir-
ical threshold values for detecting minor QTL not ex-
plained by major QTL have been studied by Doerge

and Churchill (1996).
We note that in the mosquito data, the phenotype,

which is the proportion of the encapsulated oocysts
among all oocysts, does not follow a normal distribu-

tion, but rather is concentrated at both ends, i.e., close
to either 1 or 0. Different transformations have been
examined, but all these transformations led to similar
results (data not shown). This is partly due to the use of
permutations to set thresholds for statistically signifi-
cant findings. Therefore, the original phenotypes were
used in the mosquito data analysis. Broman (2003)
studied the case when the normal distribution assump-
tion is violated, such as when there is a spike in the
distribution. Tilquin et al. (2001) studied the power of
QTL mapping methods applied to bacteria counts and
concluded that the power of parametric QTL mapping
methods is strongly reduced if raw bacteria counts are
analyzed. Note that the encapsulated oocyst counts are
similar to bacteria counts and we are currently working
on methodology development to take into account the
‘‘two-spike’’ data in linkage analysis to increase statistical
power in QTL mapping.

We also note that it may not be sufficient to use two
markers at a time to estimate phases in the F1 individuals
as information in the data from other markers is not
utilized in our approach. Although this procedure
works well for the cases we considered here, more

Figure 4.—Results of QTL analysis on marker positions and results using interval QTL mapping for chromosome 3 of the
mosquito intercross data. (Top) Fall-statistics (solid line) together with the adjusted P-values (dashed line) for marker-based anal-
ysis. (Bottom) Fall-statistics based on interval mapping. The dotted lines in both parts show the chromosomewide critical values,
and the dashed line in the top is the 1–0.05 critical value for the adjusted P-values.
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accurate inference of phases can be made, leading to
more powerful tests. However, the computational bur-
den may make joint analysis of all markers unfeasible.
In addition, we have assumed no interference in the
hidden Markov model. When this assumption is violated,
although the inferred number of high-trait alleles may
not be correct, it should provide a very good estimate.
Finally, note that the statistical model (6) for QTL analysis
implicitly assumes a codominant genetic model while an
incomplete recessive model is more appropriate for the
mosquito data. As the mosquito data have a degree of
incompleteness only slightly .50%, the current statistical
model may be appropriate. However, when the degree of
incompleteness is much different from 0.5, but close to
0 or 1 instead, a more appropriate way is to incorporate
degree of incompleteness into the statistical model.
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APPENDIX A: ACCURACY OF F1 MATING-TYPE INFERENCE FROM F2 GENOTYPES AND F1

MATERNAL GENOTYPE

The probability of inferring F1 mating type correctly from F2 genotypes and F1 maternal genotype depends both on
the true F1 mating type and on the number of F2 progeny. Therefore, with a fixed number of F2 progeny n, we consider
all possible F1 mating types by grouping F1 mating types into groups with different numbers of distinct alleles. We
obtain the probability of inferring each F1 mating type correctly by considering and summing over all possible
observed F2 genotypes and F1 maternal genotype combinations. In forming the probability, we assume that given the
F1 mating type, the genotypes of the F2 progeny are independent. We summarize the probability of inferring F1 mating
type correctly in Table A1, where we denote xi ð1# xi ,nÞ as the number of F2 individuals having genotype gi , that i can
be 1, 2, 3, or 4 for F2 progeny within a family, and

P
i xi ¼ n. With the number of F2 progeny n large enough, we will

have high probability to observe all possible F2 genotypes in the F2 generation for a given F1 true mating type and, thus,
have a high probability to infer the F1 mating type correctly.

APPENDIX B: ACCURACY OF F1 PHASE TYPE INFERENCE

To test the accuracy of F1 phase type inference, we performed several simulation studies. Because the purpose of
inferring F1 phase type is to infer the number of high-trait alleles at each putative QTL, we are concerned only about
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TABLE A1

Summary of probabilities of inferring F1 mating types correctly

No. of distinct
alleles in F1

mating type
True F1

mating type

Observed F2 genotypes
combinations that can
infer F1 mating type Probability of inferring true F1 mating type correctly

1 AA 3 AA (AA) 1

2 AA 3 AB (AA, AB)
X

x11x2¼n

n
x 1

� �
1

2

� �x1 1

2

� �x2

AB 3 AB (AA, AB, BB)
X

x11x21x3¼n

n
x 1

� �
n � x1

x2

� �
1

4

� �x1 1

2

� �x2 1

4

� �x3

1
X

x11x2¼n

n
x1

� �
1

4

� �x1 1

4

� �x2

(AA, BB)
AA 3 BB (AB) 1

3 AA 3 BC (AB, AC)
X

x11x2¼n

n
x 1

� �
1

2

� �x1 1

2

� �x2

AC 3 AB (AA, AB, AC, BC) X
x11x21x31x4¼n

n

x 1

� �
n � x1

x2

� �
n � x1 � x2

x3

� �
1

4

� �x1 1

4

� �x2 1

4

� �x3 1

4

� �x4

1 3 3
X

x11x21x3¼n

n

x 1

� �
n � x1

x2

� �
1

4

� �x1 1

2

� �x2 1

4

� �x3

1 2 3
X

x11x2¼n

n

x 1

� �
1

4

� �x1 1

4

� �x2

(AA, AB, AC)
(AA, AB, BC)
(AA, AC, BC)
(AA, BC)
(AB, AC)

4 AB 3 CD (AC, AD, BC, BD)
X

x11x21x31x4¼n

n

x 1

� �
n � x1

x2

� �
n � x1 � x2

x3

� �
1

4

� �x1 1

4

� �x2 1

4

� �x3 1

4

� �x4

1 4 3
X

x11x21x3¼n

n

x 1

� �
n � x1

x2

� �
1

4

� �x1 1

4

� �x2 1

4

� �x3

1 6 3
X

x11x2¼n

n

x 1

� �
1

4

� �x1 1

4

� �x2

(AC, AD, BC)
(AC, AD, BD)
(AC, BC, BD)
(AD, BC, BD)
(AC, BD)
(AD, BC)
(AC, BC)
(AD, BD)
(AC, AD)
(BC, BD)

For the seven possible groups of F1 mating types, we calculate the probabilities of inferring them correctly with different num-
bers of F2 progeny both analytically on the basis of the formulas provided (results shown in Table 1 in results) above and em-
pirically on the basis of 1000 simulations (results not shown). The analytical results and the empirical results agree well with each
other.

the two-marker haplotype instead of the phase across the whole chromosome. Therefore, in each simulation study, all
inferred two-marker haplotypes along the chromosome were examined and compared with the true two-marker
haplotypes. In the simulation study, we fixed map distances along the chromosome at different levels to study the
impact of recombination fraction on the accuracy of haplotype inference. If all four inferred two-marker haplotypes
from two parents were not consistent with the four true two-marker haplotypes, we say that this haplotype is inferred
incorrectly. The simulation procedure was repeated 100,000 times and the probability of inferring each haplotype with
fixed map distance correctly was recorded. Note that the true F1 mating type was simulated under one situation when
the frequencies of alleles a, b, c, and d were 0.35, 0.35, 0.15, and 0.15, respectively, for both the maternal line and the
paternal line in the F0 generation. The results are summarized in Table 3. The results will differ for other mating types,
and the scenario considered by us (with all possible haplotypes present) is the most difficult to infer.

APPENDIX C

Here we give the detailed derivation of the probability of phase type for interval QTL mapping between two flanking
markers. Using the same notation as that introduced in methods, we denote the observed genotypes at the ith marker
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position as Mi ; i ¼ 1; . . . ; I , and denote the genotype at the jth putative QTL position lying in between two
flanking markers Mi and Mi11 as Bj ; j ¼ 1; . . . ; J . We also denote qj as the phase type at this putative QTL. We then
have

Prðqj jM ¼ ðM1; . . . ; Mi ; Mi11; . . . ; MI ÞÞ;

¼ Prðqj ; M ¼ ðM1; . . . ; Mi ; Mi11; . . . ; MI ÞÞ
PrðM ¼ ðM1; . . . ; Mi ; Mi11; . . . ; MI ÞÞ

¼
P

Bj
Prðqj ; Bj ; M ¼ ðM1; . . . ; Mi ; Mi11; . . . ; MI ÞÞ
PrðM ¼ ðM1; . . . ; Mi ; Mi11; . . . ; MI ÞÞ

¼
P

Bj
Prðqj jM 9 ¼ ðM1; . . . ; Mi ; Bj ; Mi11; . . . ; MI ÞÞPrðM 9 ¼ ðM1; . . . ; Mi ; Bj ; Mi11; . . . ; MI ÞÞ

PrðM ¼ ðM1; . . . ;Mi ;Mi11; . . . ;MI ÞÞ
¼

X
Bj

Prðqj jM 9 ¼ ðM1; . . . ; Mi ; Bj ; Mi11; . . . ; MI ÞÞPrðBj jM ¼ ðM1; . . . ; Mi ; Mi11; . . . ; MI ÞÞ

¼
X
Bj

ajðiÞbjðiÞP
qj¼k ajðkÞbjðkÞ

PrðBj jM ¼ ðM1; . . . ; Mi ; Mi11; . . . ; MI ÞÞ

¼
X
Bj

ajðiÞbjðiÞP
qj¼k ajðkÞbjðkÞ

PrðBj jMi ; Mi11Þ:

In calculating Prðqj jM 9 ¼ ðM1; . . . ; Mi ; Bj ; Mi11; . . . ; MI ÞÞ, we can apply the forward and backward equations in
the hidden Markov model (Rabiner 1989). The emission probabilities and transition probabilities can be obtained
similarly as discussed in methods.

APPENDIX D: DERIVATION OF THE HERITABILITY EXPRESSION

Here we give the detailed derivation of the heritability expression

h2 ¼ VarQTL ¼ a2½0:51 ðb � 0:5Þ2�;

which is a function of phenotypic value a and degree of incompleteness b. Consider a QTL with two alleles H (high
trait) and L (low trait); p and q are the allele frequencies of the high-trait (e.g., refractoriness) allele and low-trait allele
(e.g., susceptibility) of the QTL. In our case, p ¼ q ¼ 0:5. Assume an incomplete recessive genetic model with the
degree of incompleteness being b; that is, for heterozygotes HL, b3 100% have the phenotype. The relationship
between QTL genotype and phenotype is displayed in Table D1. From Table D1, we can derive the mean of the
phenotypic value as

EðY Þ ¼ ap2 1 a2pqb1 ð�aÞ2pqð1 � bÞ1 ð�aÞq2 ¼ ab � 0:5a:

The average gene effect of allele H is

EðY j one H alleleÞ � EðY Þ
¼ EðG ¼ HH jone H alleleÞ1EðG ¼ HL jone H alleleÞ � EðY Þ
¼ a3 p1 a3 q3 b1 ð�aÞ3 q3 ð1 � bÞ � ðab � 0:5aÞ ¼ 0:5a:

TABLE D1

Relationship between genotypes and phenotypic values at QTL location

Genotype Phenotypic value Y Frequency

HH a p2

HL a 2pqb
�a 2pqð1 � bÞ

LL �a q2
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The average gene effect of allele L is

EðY jone L alleleÞ � EðY Þ
¼ EðG ¼ HL jone L alleleÞ1EðG ¼ LL jone L alleleÞ � EðY Þ
¼ a3 p3 b1 ð�aÞ3 p3 ð1 � bÞ1 ð�aÞ3 q � ðab � 0:5aÞ ¼ �0:5a:

Therefore, if allele H and allele L have independent effects, we can obtain the additive effect of each genotype:

HH ¼ 23 0:5a ¼ a

HL ¼ 0:5a1 ð�0:5aÞ ¼ 0

LL ¼ 23 ð�0:5aÞ ¼ �a:

The dominance effect for each genotype is

HH ¼ a � ðab � 0:5aÞ � a ¼ 0:5a � ab

HL ¼ ½a3 b1 ð�aÞ3 ð1 � bÞ� � ðab � 0:5aÞ � 0 ¼ ab � 0:5a

LL ¼ ð�aÞ � ðab � 0:5aÞ � ð�aÞ ¼ 0:5a � ab:

The proportion of the total variation due to this QTL can be decomposed into two parts, additive variance and
dominance variance:

VA ¼ EðYAÞ2 � ðEðYAÞÞ2

¼ a2 3 p2 1 ð�aÞ2 3 q2 � ða3 p2 1 ð�aÞ3 q2Þ2 ¼ 0:5a2

VD ¼ EðYDÞ2 � ðEðYDÞÞ2

¼ ð0:5a � abÞ2 3 p2 1 ðab � 0:5aÞ2 3 2pq1 ð0:5a � abÞ2 3 q2

� ½ð0:5a � abÞ3 p2 1 ðab � 0:5aÞ3 2pq1 ð0:5a � abÞ3 q2�2

¼ ð0:5a � abÞ2:

Therefore,

h2 ¼ VarQTL ¼ VA 1VD ¼ a2½0:51 ðb � 0:5Þ2�:
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