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Abstract

Dominant phenotype of a genetic marker provides incomplete information about the marker genotype of an
individual. A consequence of using this incomplete information for mapping quantitative trait loci (QTL) is that
the inference of the genotype of a putative QTL flanked by a marker with dominant phenotype will depend on the
genotypeor phenotype of the next marker. Thisdependence can be extended further until amarker genotypeisfully
observed. A general algorithm is derived to calcul ate the probability distribution of the genotype of a putative QTL
at agiven genomic position, conditional on all observed marker phenotypesin the region with dominant and missing
marker information for an individual. The algorithm is implemented for various populations ssemming from two
inbred lines in the context of mapping QTL. Simulation results show that if only a proportion of markers contain
missing or dominant phenotypes, QTL mapping can be almost as efficient asif there were no missing information
in the data. The efficiency of the analysis, however, may decrease substantially when a very large proportion of
markers contain missing or dominant phenotypes and a genetic map has to be reconstructed first on the same data

aswell. So it isimportant to combine dominant markers with codominant markersin a QTL mapping study.

Introduction

Many PCR-based genetic markers behave like dom-
inant markers. Unlike codominant markers such as
restriction fragment length polymorphism (RFLP),
which can generally show three band patterns in an
F, population in electrophoretic gels, each represent-
ing one genotype of a probe, dominant markers such
as random amplified polymorphic DNA (RAPD) can
generally show only two patterns, presence or absence
of a band, so that a heterozygote can have the same
band pattern as one of the homozygotes. There has
been some concern about the use of dominant mark-
ersin mapping quantitativetrait loci (QTL) because of
partial missing information. Although the problem of
dominant markers can be avoided through experimen-
tal designs, such as using recombinant inbred linesand
double haploids to remove heterozygote class or just
using segregating markersin abackcross, it iscommon

to have dominant markers in other populations, such
ashk,.

When a marker is not fully informative, it is gen-
erally known that information from other markers in
a linkage group can be used to recover some missing
information. In their origina paper on linkage map
reconstruction, Lander and Green (1987) outlined a
Markov chain method to recover missing information.
Thesameideahasbeen used repeatedly inliteraturefor
linkage map reconstruction and for mapping QTL in
various experimental designs. For example, Martinez
and Curnow (1994) discussed missing marker prob-
lemsin QTL mapping. Haley, Knott and Elsen (1994)
used similar arguments to improve the calculation of
conditional QTL genotype probabilities given marker
phenotypes for mapping QTL from a cross between
outbred populations. A similar method was used by
Fulker, Cherney and Cardon (1994) for sib-pair inter-
val mapping using multiple markers. In many of these
analyses, however, the proposed methods enumerate
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various possibilities and consider them one by one.
This approach works effectively only in a few limit-
ed situations. Jansen (1996) used a Monte Carlo EM
algorithm via Gibbs sampling to deal with missing
and dominant markers. Thisis an approximate method
and requires extensive computation, particularly when
the number of markerswith incompleteinformationis
large.

In this paper, we derive a general algorithm to sys-
tematically deal with dominant and missing markersin
F, and other popul ationsderived fromtwo inbred lines.
In particular, wetry to formulatethe al gorithmin away
that can efficiently calculate QTL genotype distribu-
tion given observed marker phenotypes. Our analysis
issimilar to the method of Lander and Green (1987) in
spirit, but with derivation and sufficient details in the
analysis.

An algorithm for F, population
Algorithm

Consider an F, population from a cross between two
inbred lines, P, and P,. Suppose there are m markers
on a chromosome whose map positions are known and
arranged in the order of My, - - -, M,,. In this popula-
tion, each marker or QTL hasthree possiblegenotypes.
Let z;, denotethe genotype of marker (or QTL) My, for
an individual, which takesavalue 1, 0 or -1 if M, is
homozygote of P; type, heterozygote, or homozygote
of P, type, respectively.

To facilitate the following discussion, we let z;
denote the phenotype of marker (or QTL) M, for the
same individual. When a marker is fully observed,
the phenotype equals the genotype, i.e., z; = xp =
{1},{0}, or {—1}. When a marker is unobserved
(i.e., missing), the genotype is unknown with z, =
{1, 0, —1} = M for missing. When amarker is par-
tially observed, the phenotype includes two possible
genotypes. In this paper, a dominant phenotype rep-
resents homozygote of P; type or heterozygote (i.e.,
zr = {1, 0} = D for dominance or z, # —1),
and a recessive phenotype represents heterozygote or
homozygote of P, type (i.e, z;, = {0, —1} = R for
recessive or z; # 1). (Another subset z;, = {1, —1}
can also beincluded in analysis if necessary).

If M, is a putative QTL whose genotype may or
may hot be observed (depending on the testing posi-
tion), a very important analysisin QTL mapping isto
calculate, for each individual, the conditional probabil-

ity of x;, taking different values given observed marker
phenotypes on the chromosome. We denote this prob-
ab|||ty aSP(.’L'k|Z]_, T, Zm).

If Mj,_1 and Myyq, the two flanking markers of
M;,, are both fully observed for the individual, the
conditional probability depends entirely on the pheno-
type of M;, the genotypes of M}, and My41, and
the recombination frequencies between M, _1 and M,
and between M, and M;,1 and isindependent of other
markers on the chromosome under the assumption of
no crossing-over interference, i.e.,

P(xp|z1, 5 Th1, 2k Tkt 1, "> Zm)
= P(wk|op-1, 2k, Tht1)-

However, if one (or both) of the flanking markers is
unobserved or only partialy observed, the genotype
or phenotype at the next marker away from the flank-
ing marker can provide some information about the
genotype of the flanking marker and this in turn will
improve the estimation of the probability distribution
of the genotype at the testing position for the QTL for
the individual. This dependence can be extended fur-
ther in each direction until amarker locusfor whichthe
genotypeisfully observed or to theterminal marker of
the chromosome.

Let M; and M; (i < k < I) be two most adjacent
fully observed markers. If there is no fully observed
marker in one or both directions, take M; = M;
or M; = M,, or both. The task is to calculate
P(zy|zi,- -+, 2). By Bayes theorem,

_ P(xy)P(z; - z1|xg)
> e, Plaw) Pz zilwg)

Note that under the assumption of no crossing-over
interference, for a given specific value of xy,

P(Z’k|Zi,"',Zl) (1)

P(ZZ - 'Zl|$k:)
= P(zi - 2klwk, 2et1s 5 20) P2k zi|y)
= P(Z,' . 'Zk|xk)P(Zk+1 . Z[|J§k)

In (1), P(zy) isthe unconditional or prior probability
of z; inapopulation. Let

ar = {P(wk)}(3x1)
denotearow vector of the prior probability P(xy),i.e.,

q; = [Pz =1), P(ap =0), P(ap =-1)]



where 7 denotes transposition. Similarly, let also
Pr = {P(zk+1- - zi|ve) Fax)
pr = {P(zi - z|or) Haxa)

Pr = {P(ﬂ?k|Z“ T Zl)}(3><l)-
Then, equation (1) can be expressed as

_ a° (Pg °pp) .
Pt = —"F7"7T &\ ()
qy (Pk ° Py )
where o denotes componentwise product of vectors.
For an F, population,

@, =3 3 il 3)
pf and pf can be calculated via a Markov chain
process. To show how to calculatethem, let usfirst con-
sider some simple situations. If an individual has the
dominant phenotype at My, 11 (i.e., zr+1 = {1, 0}),

Y Pleraler)

Tr4+1EZK+1

P(zpalzr) =

= P(;L';H_l = 1|.23k) + P(xk+1 = O|xk)

If the individual also has the recessive phenotype at
M2 (i€ zp12 = {0, —1}),

P(zk+12k42|Tk)

> Y Plarraziiele)

Tr4+1€E2k+1 Th+2E2k+2

Z Z P(zpi2|zpr1) P(2rqa|Tr)

Tr+1€2K+1 Th+2€E2 K42
= [P(@r42 = Olzpyr = 1)

+P(xhy2 = —Uapsr = D]P (w41 = Lay)

+[P(wp+2 = Olzgt1 = 0)
+P(zp12 = —lzksr1 = 0)|P(zgr1 = Olz).
4
Thenif welet

P(iL“kJr]_ = 1|£L“k = 1)
H(Tk) = P(.’L'k+1 = 1|.’L'k = 0)
[ (1 — Tk)z
= Tk(l—rk) (1—7“19)2-*-7"% Tk(l—Tk)
r% 2r(1—r)  (L—rg)?

2rp(1—rg) ’I“%

P(iL“kJr]_ = 0|£L“k = 1)
P(.’L‘]H_]_ - 0|.’L'k - O)
_P(.’L‘k+1 - 1|.’L'k - —1) P(.’L‘]H_]_ - 0|.’L'k - —1) P($k+1 - —1|.’L'k - —1)
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which denotes atransition probability matrix from M,
to My41 (and is also a transition probability matrix
from My41 to My), where ry, is the recombination
frequency between M, and M4, the equation (4)
can be expressed in matrix form as

pi = Hp(rk)HR(resa)e

with HD(Tk) = H(’I“k)ID, HR(Tk+1) = H(Tk+1)IR,

100 000 1
ID: 010 IR: 010 C = 1
000 001 1

The function of matricesIp and I isto make appro-
priate column elements of H zero.
Thus, in general,

pllj = sz+1(rk)H2k+2(rk+1) T sz (rlfl)c (6)

where z; = M, D, R, 1, 0 or -1, depending on the
information content of the phenotype of marker M;.
As specified above, H.; = HI.; with I, = I the
identity matrix, I, Ip and I_; having 1 in one corre-
sponding diagonal element and 0 everywhereelse. The
chain specified by (6) connects and sums together all
relevant paths of joint probabilities of genotypesbased
on observed marker phenotypeson theright side of .
Similarly,

pé = IZkHZk—l(rkfl)HZk—z(rk*Z) T Hzi (ri)c'
M

Thefunction of I, isto make appropriaterow ele-
ments of pX and thus p; as well zero. Similarly, if
pZ is defined to include z;, as well for some applica-
tions, i.e., pit = {P(zk - - z1|zk) }(3x1) (See below),

P(CU]C+1 = —1|£L“k = 1)
P($k+1 - —1|.’L'k - O)

()



50

p} canalsobecalculated by (6) and then premuiltiplied
by I., just like (7). Usually, the testing position M,
is between markers and z;, is missing. In this case,
the individual has non-zero probability at al of the
three genotypes. When the testing position M}, for a
QTL isat amarker and theindividual hasthe dominant
phenotype at the position, z;, = D and the individual
has zero probability for z;, = —1.

Notethat HM(TIc,IH-l) = HM(Tk)HM(Tk+1) with
Thok+l = Tk + Phpt — 2rkrpp1. AISOHp (7 pq1) =
Hy (ri)Hp (re41) and Hg(rkp41) =
H s (ri)Hg(rr+1). Thus, the operation of the chains
can be shortened for intervals with missing markers.

In practice, pf* and p£ can be calculated first for
all markers, which can then be used later to obtain the
conditional probabilities of genotypesfor any position
covered by markers in mapping QTL. For example,
assuming that M;, is atesting position for a QTL in
aninterval flanked by M}, and M1, then

py = H(rf)pfh, and pp =H(rf )pr

wherer? istherecombination frequency between M,
and M1 and L between M, and My, . This, in our
opinion, isthemost efficient way to cal culatethe condi-
tional probability distribution of QTL genotype given
observed marker phenotypes. Unlike Haley, Knott and
Elsen (1994), the calculation here is performed in a
recursive manner through a Markov chain and puts no
constraint on the number of markers with incomplete
informationinanalysis. Also, thechainanalysisdirect-
ly gives the probability distribution of QTL genotype
given the observed marker phenotypewhile the Monte
Carlo EM algorithm of Jansen (1996) providesonly an
approximation with intensive computation.

Efficiency of the algorithm

Simulations were performed to investigate the effects
of missing and dominant markers on mapping QTL.
We simulated a chromosome of 80 cM in length with
marker coverageat every 5¢cM, 10cM, or 20 cM (three
marker coverages) for an F, population. The linkage
map is assumed to be known. Five marker composi-
tionswere simulated and compared: (a) all markersare
codominant with no missing marker data; (b) all mark-
ers are codominant with 15% random missing marker
data; (¢) markersarecodominant and dominant in alter-
nate order; (d) markersare codominant, dominant, and
recessive in aternate order; and (€) markers are dom-
inant and recessive in alternate order. One QTL was

considered and simulated at 47.5 cM position. Analy-
sis was performed by using simple interval mapping
(Lander & Botstein, 1989; Model 111 of Zeng, 1994)
with the conditional probability of the putative QTL
genotype at atesting position calculated by (2).

The threshold used in reporting the power of the
test was chosen to be LOD = 2.3 for al the mark-
er compositions. Although it is not strictly appropri-
ate, this value was chosen merely for the convenience
of comparison. The sample size is 150 and the repli-
cates of simulationwere 1000. Resultsare presentedin
Table1.

Results show that both statistical power of QTL
detection and precision of QTL estimation generally
decrease as more markers become missing or partially
missing as expected. The power, however, does not
change significantly when the marker density is5 cM.
Thereisasorelatively littledifferenceonthe estimated
standard deviations (SD) of estimates of QTL additive
and dominance effects for different marker composi-
tions. The standard deviations of estimates of QTL
position increase noticeably only for case (€) when the
marker density is5 cM and for cases (d) and (€) when
10and 20 cM. Significant decrease onthe proportion of
QTL mapped to the correct interval occurs also mostly
for cases (d) and (). Overadl, the effect of different
marker compositions on the power and precision of
QTL mapping issmall. This basically reflects the effi-
ciency of thealgorithmin utilizing al available marker
information to infer the probability of QTL genotype.

It is also interesting to compare case (c) of 5 cM
interval with case (a) of 10 cM interval. Thelatter case
approximately corresponds to the former case when
the dominant marker data are not utilized in analysis.
The results of case (c) of 5 cM are consistently closer
to those of case (a) of 5 cM than those of case (a) of
10cM. Similar results can al so be found when we com-
pare case (c) of 10 cM with case (a) of 20 cM. These
results clearly show that efficient use of incomplete
marker information can greatly improvethe power and
precision of QTL mapping.

Note that al simulations in this section assumed
that the marker linkage map is known. However, in
practice the marker linkage map may be unknown and
needs also to be inferred from the data. The effect of
dominant and missing markers on linkage map recon-
struction is investigated below. The error of missing
and partial missing dataon linkage map reconstruction
will carry over tothe calculation of distribution of QTL
genotype.
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Table 1. Simulation results on estimated power, QTL additive effect (a),
dominance effect (d), position (#), and proportion of QTL mapped into
the correct interval (p;,¢) for different marker compositions and densities

with parametersa = 0.5,d = 0.25and § = 47.5cM

Parameter ~ Marker Marker density (interval size)
estimated  composition? 5cM 10cM 20 cM
Power @ 0.95 0.91 0.85

(b) 0.95 0.90 0.83

(© 0.94 0.91 0.84

(d) 0.95 0.85 0.76

(e 0.93 0.90 0.75
a(SD) @ 051(0.11) 050(0.13)  0.48(0.13)

(b) 0.51(0.11) 0.50(0.13)  0.49(0.13)

(© 051(0.11) 050(0.13)  0.49(0.13)

(d) 0.51(0.11) 0.50(0.13)  0.48(0.14)

G) 051(0.12) 051(0.13)  0.49(0.14)
d(SD) @) 0.26(0.20) 0.25(0.19)  0.24(0.22)

(b) 0.26(0.20) 0.25(0.20)  0.24(0.23)

(¢ 0.26(0.19) 0.25(0.19)  0.24(0.23)

(d) 0.26(0.20) 0.24(0.21)  0.23(0.25)

(e 0.26(0.20) 0.27(0.21)  0.22(0.27)
0(SD) @ 47.2(66) 48.0(7.3)  47.5(10.2)

(b) 47.1(6.7)  48.0(7.6)  47.1(11.0)

(¢ 47.2(6.7) 48.2(7.3) 47.8(10.2)

(d) 47.2(65)  46.9(8.7)  48.5(12.1)

(e 46.9(6.9) 48.5(8.1) 48.1(12.1)
Pint @ 0.62 0.65 0.72

(b) 0.61 0.66 0.69

(© 0.62 0.64 071

(d) 0.61 0.59 0.66

G) 0.61 0.64 0.64

@8Marker composition: (a) all markers are codominant; (b) markers are
codominant with 15% datamissing at random,; (c) markers are codominant
and dominant in aternate order; (d) markers are codominant, dominant,
and recessive in alternate order; (€) markers are dominant and recessive in

aternate order.

Extension to several experimental designs
General algorithm

We now generalize the above Markov chain analysis
to many other commonly used experimental designs
stemming from two inbred lines. Wefirst outlineagen-
eral algorithm and then specify it for different experi-
mental designs.

Recently Fisch, Ragot, and Gay (1996) derived
the conditional genotypic probability distribution of

a testing position given two fully observed flanking
markers for F; populations by selfing and backcross-
es of F, to parenta lines by using a Markov chain
to link the transition of crossing-over eventsin differ-
ent generations. They, however, employed two inter-
valsinvolving genotypes of three loci in their analysis
and also did not analyze the dominant marker situa-
tion. As demonstrated above, the analysis can be per-
formed only in oneinterval in different generationsand
multiple intervals can be linked by another Markov
chain. This approach is particularly important when



52

we consider multiple intervals involving dominant
markers.

In the above F, analysis, marker genotyping and
trait phenotyping are assumed to be performed on
the same individual. However, in some QTL map-
ping experiments or breeding programs, traits can be
measured on some progeny of the individuals whose
marker composition is genotyped (e.g., Stuber et d.,
1992; Beaviset al., 1994). Inthisanalysis, wea sotake
thissituationinto account, asdid Fisch, Ragot, and Gay
(1996). Let {z}* denote a phenotypic observation of
the set of markers M, - - -, M; for anindividual in pop-
ulation u, and «7, denote the putative QTL genotype
at My, in population v for the same individual (when
v = u) or for the progeny of the individua (when
v # u). Then

P(zpl{=}") = D Plafai{=}")

wiley, {z}Y)

=Y Plapl{=}")P(

}jP vz P(apler)  (8)

Let
pi = {P(epl{z}")}ax
qi; = {P(x})}3x
pitoprt = {P({z}"|z)}3x1)
My—y = {P(z)]7g)}3x3)-
Equation (8) can be expressed as

o _ Mo [af o (P o pi)] ©
Py = qul( Ru ° ) :
k Pk Pk

Now it remainsto determineq?, pf*, p
for different experimental designs.

L
p;tand M, ,,

Selfed F;

We first extend the analysisfrom F, to selfed F; for an
arbitrary t. Whenu = v, M, = L. Foru = F;,itis

known that

e 101 1 1 1

W =377 v 3z (19

To obtain pf* and pL“, we need to derive H
for w = F;. For two loci, there are ten genotypes
including two double heterozygotes. These ten geno-
typesare

AB 4B Ab 4B AB b
AB’ Ab’ Ab’ aB’ ab’ aB’

Ab B aB - ab
ab’ aB’ ab’ ab

Let p}, be arow vector of frequencies of these ten
genotypesin an F; population. For F; whichisa cross
from two inbred lines,

Pr =100 0,00 1,0, 0, 0, 0, 0.
Thetransition probability matrix of these genotypes

in two generations by selfing is

0 0 0 0 017

Bl

NI

ENE
o
o
o
o
o
o
o

Ts

FNT
Nl
ENT

0O 0 0OOOO O O 01

wherew =1 — r. Then,

Py, = PR TH (11)



The transition probability matrix egquivaent to (5) for
F; isthen
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Pr, 1] Pr[2 Pr, 3]
Pr, {l]+th {2]+th (3] Pr, {l]+th {2]+th (3] Pr, {l]+th {2]+th (3]
Pr 4 Pr; [51+Pr, (6] Pr[7]

Hp,

Pr, 8] Pr, 9

¢ = Pr, [4]+th [5]+th [6]+th (7] Pr, [4]+th [5]+th [6]+th (7] Pr, [4]+th [5]+th [6]+th (7] ?

Pr, (10]

Pr [8]+th [9]+th (10]

wherepr, [i] istheith element of pr, . A general solu-
tion of py, intermsof r and ¢ can be found in Bulmer
(1985, pp. 33). By using thisresult, it is shown that

Pr, [8]+th [9]+th (10]

Pr, [8]+th [9]+th (10]

1 i ot—1 ztfl(l _ T)t 1 i
Hp[1,1] = Hp[3,3] = —1- 2 22 (1 _ )il
Ft[ ? ] Ft[ ’ ] 2t71_1 1+27,, 1+27,, + [2 7ﬂ( T)]
HpL2=Hi32 = — [1-212 _ a1 -1
RL2=Hp[32 = 55— [1-2 5 —r(1-7)]
1 [ 2t 2011 _ )t 1 ]
Hp,[1,3] =Hg[3,1] = - 2 20722 — (1 =)t 12
Ft[ ? ] Ft[ ’ ] 2t71_1 1+27,, 1+27,, + [2 7ﬂ( T)] ( )
1 il t—1
Hpl21 =Hg[23 = 5-2725 —r(1-7)]
Hp[2,2 = 25— (1)) ?
whereHp, [4, j] istheith row and jth column element
of Hrp,. .
It is easy to check that when ¢ = oo (recombinant isvery closeto
inbred lines),
102 1
Hp (ri)Hp (rg+1) =
Hy = —— 000 Fo (k)P () (1+2rp) (1 + 2rp4a)
< 142r
2r 01

which is the classical result given by Haldane and
Waddington (1931). When ¢ = 2, Hp, reduces to (5)
for acorresponding interval.

When we use the transition probability matrix (12)
in (6) and (7) to obtain p;** and p-**, we need to
notethatwhereasHFz(rk7k+1) = HFz(rk)HFz(rk+l)v
HF,: (rk’k+1) 75 HF,: (rk)HFt (’I"k+1) fort > 2 even
under the assumption of no crossing-over interfer-
ence because of multiple generations of recombina-
tion. Similar results can be observed for the follow-
ing backcross from selfed F, and advanced back-
cross. However, generaly Hp, (rx,x+1) iS very close
toHp, (rr)Hp, (re+1). For example,

1 0 2rgpq1
1
Hr (rkps+1) = ——5—— 0O 0 O

1 + 2Tk,k+l
2rper1 01

1+ 4drgrges O 2 4+ 2rg4n
X 0 0 0
2r + 2rpe1 0 14 4rgriyn

With 7 g1 = T + i1 — 2rgre+1 When ryrpp1 i
very small. Given pf'* and p.™* approximated by
(12), pf ¢ is obtained by (9) with the prior probability
vector (10).

Whenv # vwand v = F; fort > t, we need to

derive M,,_,,. Let

wn

I
QO N P
O Nk O
[N )
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be the transition probability matrix between genera-
tions for three genotypes of alocus by selfing.

1 0 0
_qt—t _ |1 1 11 1
MFt—}Ff =S — | 27 2f—i1 it 2 7 of—it1
0 0 1

Randommating F;

Therandom mating F; popul ationisanother quitecom-
monly used experimental design for gene mapping.
This design has an advantage in separating closely
linked QTL. Theeffect of further random mating onthe
conditional genotypic distribution H is equivalent to
increasing the recombination fraction between linked
markers. Thus, the transition probability matrix for F;
by random mating can be approximated by (5) with r
replaced by

O=i-ja-nTa-z)

(Falconer and Mackay 1996; Darvasi and Soller 1995).
For random mating populations, it is usually necessary
to have v = v. g} should remain the same as (3) for
large random mating population.

Backcross from selfed F;

When a selfed F; population is backcrossed to Py or
P, or test crossed to another inbred line, we need to
infer only the gametic type produced by F;. Let g be
arow vector of frequencies of the four gametic types
[AB, Ab, aB, ab] produced by F;. Given (11),

gr, = PR, C (14)
where ) ;
1000
1 1
ii1o00
0100
1 1
3 050
32 2 2
1 1
0303
0010
0031
1000 1)

andw = 1—r. Becausethereare only two genotypesin
abackcrossat alocus, the transition probability matrix
equivalent to (12) is

gry (1 gry (2 ]

gr, [l]+gFt (2] gry [l]+gFt (2]
Bry (3 gy 4]

gr, [3]+gFt [4] 8ry [3]+gFt [4]
1—(i—p)t 2r+(L—r)t
[ :E—iz-ZTT) + (l - r)t : l:-ZZTT) - (% - r)t ]

2
1_p)t —(i_p)t
e R L L

Gr, =

1+2r
(15)

The definition of the two genotypes, however,
depends on whether the backcrossed parental popu-
lation is Py or Po. Assuming v = v, p}; is caculated
from (9) using G, in the place of H in (6) and (7)
and with g = [3, 3]. Since missing and dominant
(or recessive) phenotypes are equivalent in backcross-
esasfar asinformation provided, consecutiveintervals
with missing information can be merged and this cal-
culation becomes equivalent to that by Martinez and
Curnow (1994) as the backcross population is derived
from F;.

Advanced backcross BC;

Advanced backcross is an experimental design that
crosses a backcross to a recurrent parental line recur-
sively. Thisdesignisproposed by Tanksley and Nelson
(1996) as a method of combining QTL mapping with
QTL transfer from unadapted germplasm into an elite
inbred line.

Let the recurrent parent have a genotype ab/ab in
twoloci, andlet gy, bearow vector of frequenciesof
the four gametictypes[AB, Ab, aB, ab] produced
by an advanced backcross at generation ¢ denoted as
BC}. We know that

gbclz[(l_r)/zv 7“/2, 7“/2, (1—7")/2]

Because in each generationthe recurrent parent always
contributes a gamete aa, asin (11) we have

gho, = 8o, The: (16)
with
w r r w
2 323 2
0303
Tc = 101
00 .
0001



Thus the transition probability matrix equivalent to
(15) can be obtained with some manipulation as

(1—r)t 1-(1—-r)t
L1-1-n"1 750-r)+2" -2

2t—1

Gge, =

(17)

All other calculationswill be the same as above except
£ =g, 1- )

Backcross from random mating F;

For the backcrosses from random mating F;, the tran-
sition probability matrix is given by

1— 7ﬁ(t-i-l) 7ﬁ(t-|-1)

Gp, = 18
Fy T(t+l) 1—r(t+l) ( )

with #(t+1) defined by (13). All other specificationsare
the same as for the backcrosses from selfed F;.

Design 11

Another special design which has been used extensive-
ly in QTL mappingin plantsisDesign 11l (e.g., Stuber
eta., 1992; Xiao et a., 1995). This design was origi-
nally introduced by Comstock and Robinson (1952) for
estimating the average degree of dominance for quan-
titative trait loci. In this design, F, or F; individuals
were each backcrossed to both original parental inbred
lines P, and P,. Adapted for QTL mapping, markers
are usually genotyped on (selfed) F; individuals and
guantitative traits are measured on the individuals of
backcrosses B;y = F; x Py and By, = F; x Ps.

Thus the design involvesu = F; and v = By or
By, or more generaly v = By, or By, fort > ¢. Let

100 010
Ci=|330 and C,={033
010 001

MFt—)Bfl = St_tcl and MFt—)sz = St_tCQ. Other
terms are the same as for selfed F;.

As emphasized by Cockerham and Zeng (1996),
when both backcrosses are available, QTL mapping
analysis should be performed on both backcrosses
simultaneously.
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Marker linkage map reconstruction

In the above analysis, the marker linkage map is
assumed to be known. For some organisms such as
mouse, this may be safely assumed as so many mark-
ers have aready been mapped in the mouse genome
(e.g., Dietrich et al., 1994). For many other organ-
isms, however, a marker linkage map may have to be
reconstructed from the same datafor mapping QTL. In
this case, the inference of linkage map can be affected
by missing marker information and this would in turn
affect the inference of distribution of QTL genotype.
Here, we investigate the effect of dominant and miss-
ing markers on the marker linkage map reconstruction.
The algorithm for map reconstruction consists of two
parts. Oneisthe search for the best gene order and the
other is the evaluation of a given gene order. In this
paper, we concentrate our discussion on the likelihood
evaluation of gene orders with dominant and missing
markers and avoid the discussion of finding optimum
ways to search for the best order. We will aso not
discuss issues involved in the test of marker linkage
orders.

Let zj1, -+, zjn bethe phenotypic observations
of markers My, ---, M,, for the jth individua in an
F, population. The markersare under the consideration
for alinkage group. Thelikelihood of the observations
depends on the model of linkage events and marker
linkage order. Under the assumption of no crossing-
over interferenceandfortheorder My, My, «--, My,
thelikelihood is defined with our matrix notation as

L = HP(ZJ'17 T ij)
j=1

= [[ Pj)P(zj1, -+, zjmlej1)
j=1

n
= H qlllz]-1szz (rl)Hz]-3 (7"2) v Hz]-m (Tm—l)c
j=1
(19

wheren isthe sample size. Thislikelihood can be used
as a criteria for the comparison of different linkage
orders.

The likelihood is a function of recombination fre-
guencies between adjacent markers for a given mark-
er linkage order. When there is no missing data in a
sample, the recombination frequency can be estimated
for each pair of markersindependently, and is usually
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estimated for all pair-wise of markers before the eval-
uation of likelihood. However, when some markers
are missing or partially missing, estimation of some
recombination frequencies depends on marker linkage
order and has to be performed for each given order.

For a given linkage order such as Mj, Mj, ---,
M,,, the recombination frequency can be estimated
by an EM algorithm and repeatedly updated for each
adjacent marker interval in sequence until convergence.
Each update will depend on estimates of recombination
frequenciesat someor al intervals. To update the esti-
mate of recombination frequency for the kth interval,
we heed to calculate for each individual

P(zrwpia|zi, -5 2)

P(zrzp1) P(2i - - 21|k, Trga)
Yonans L @rh) Pzie - zi|we, wpe)

each marker was added to the map in sequence starting
with three well-separated markers. In each addition at
least 30 previous orders with the highest likelihoods
remained in consideration, and only the orders that
differed from the highest order by LOD score 6.0 were
removed from the consideration. The sample size was
gtill 150 and the number of replicates was 1000 for
each marker density and composition. The results are
givenin Table 2.

The results indicate that case (b) with 15% data
missing hasvery little effect on the linkage map recon-
struction for the parameters considered as compared
to case (a). The proportion of correct linkage order

P(ag) P(epya|or) P(2i - - 2p|ar) P2t - - 21]@p41)

Penanss D@) P(@ria|oe) Plzi - z|oe) P(2rea - 21|k41)

(20)
which can be expressed in matrix form as

[(ax © Py )Pit4] o H(ry)

A, =
(qk o Pﬁ)'H(Tk)PII;H

; (21)

where Ay, is a3 x 3 matrix. Define aj.q as the cth
row and dth column element of A, for individua ;.
The recombination frequency for the kth interval can
be updated as

n

1
e = oo Z |:aj12 + 2aj13 + ajn

Jj=1

" 2aj2 + ajo3 + 2a31 + aja| ,
k
(22)

wherery, isthe estimatein the previousround (see also
Jansen & Stam, 1994). We performed a simulation
study to examine the effect of dominant and missing
markers on linkage map reconstruction. A chromo-
some of 60 cM is simulated for an F, population. We
considered the sametypesof marker densitiesand com-
positionsasin Table 1 in the comparison. For themark-
er densities10cM and 20 cM, an exhaustive search was
conducted for the best-supported linkage order by like-
lihood. For the marker density 5 cM (with 13 markers),
however, the number of possible linkage ordersis too
many (3.1 billion) to do exhaustive search. Inthiscase,

decreases only dightly for case (c), but very substan-
tially for case (d). Apparently, the chanceto obtain the
correct linkage order for case (€) is low particularly
for marker density 5 cM. However, the proportion of
intervals with correct flanking markers remains rea-
sonably high. This is good for marker-assisted selec-
tion based on QTL mapping. Even though the linkage
order isincorrect, the QTL can still have a reasonably
high chance to be mapped in the correct marker inter-
val and be selected through flanking markers. Table 2
also shows that when the linkage order is incorrect-
ly inferred, the length of map is usually enlarged (the
mean estimated interval sizeisincreased). Thisimplies
that, when alarge proportion of markers are dominant,
without well-separated codominant markersestimation
of genome size can be unreliable. Unreliableinference
of linkage map can significantly affect QTL mapping,
particularly onthe precision of estimation of QTL loca
tion.

Discussion

Dueto thewidespread use of PCR technology in geno-
typing, dominant markers are commonly available for
mapping analysis in plants and animals. Although a
dominant marker is not as informative as a codomi-
nant marker in populationslikeF,, their abundanceand
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Table 2. Simulation results of linkage map reconstruction (the five marker compositions are the same as in

Table 1)

Interval Marker Proportion of  Proportion of Mean number  Estimated
size(cM)  compositions  correct order  intervas with of break-up mean interval

correct flanking markers  point size (SD)

5 €) 1.00 1.00 0.00 5.0(0.41)

(b 0.998 1.00 0.002 5.0(0.42)

(@] 0.98 0.997 0.032 5.0(0.42)

(d) 0.90 0.985 0.18 5.0(0.43)

® 0.12 0.70 354 5.2(0.86)

10 @ 1.00 1.00 0.00 10.1(0.88)

(b 1.00 1.00 0.00 10.1(0.96)

(© 0.998 1.00 0.002 10.1(0.95)

(d) 0.98 0.99 0.04 10.2(0.98)

® 0.43 0.83 1.03 10.1(1.49)

20 @ 1.00 1.00 0.00 20.1(2.01)

(b) 1.00 1.00 0.00 20.2(2.30)

(@] 0.998 0.999 0.002 20.2(2.53)

(d) 0.89 0.96 0.13 21.2(4.69)

(e 0.41 0.77 0.69 21.4(5.48)

accessibility can beabig advantagefor mapping analy-
sis. For some organismsit can be hard to find sufficient
number of codominant markers for mapping analysis
and dominant markers may haveto be used. For exam-
ple, wheat is a hexaploid, with homoeol ogous groups
of chromosomes, that contains a high proportion of
highly repetitive DNA. Genomic variationisaso rela-
tively low among varietiesin wheat. Thismakesit hard
to find alarge number of appropriate probesfor RFLP.
However, PCR based markers are rich and abundant.
Thus, itisimportant and often necessary to incorporate
those markersin mapping analysis.

We derived in this paper a general algorithm to
incorporate dominant and missing markers in QTL
mapping analysis and also in marker linkage map
reconstruction. The method uses Markov chains to
link multiple intervals and multiple generationsin the
calculation of conditional probability of a genotype
of an individual at a specific genomic position giv-
en the observed relevant marker data of the individ-
ual and related individuals. The idea is the same as
Lander and Green (1987). This analysis, of course,
depends on the assumption of no crossing-over inter-
ference. When there is negative crossing-over interfer-
ence, which isthe usual case, the probability of double
or triple crossing-over events will be lower than that
considered in the algorithm. However, those probabil-
ities are in the lower magnitudes in the analysis, and

the effect of the assumption of no crossing-over inter-
ferenceislikely to be small for the algorithm.

The method is developed for various populations
stemming from two inbred lines. The idea and algo-
rithm can al so be extended to other types of experimen-
tal designs and to pedigrees. With multipleindividuals
related to an individual in consideration in a pedigree,
the marker information of al those individuals can
contribute to the inference of the genotype of the indi-
vidual concerned. It can aso be used to calculate the
parental genotype distribution at a genomic position
given observed marker information of the individual,
itsoffspring, and perhapsits parentsaswell at multiple
markers. This algorithm can be constructed by follow-
ing the approach taken in this paper and will be proven
to be an efficient way in utilizing all relevant marker
information in pedigree data analysis.

Our simulation results also point out that it is
important to have some codominant markersin alink-
age group, although data with only dominant markers
can still be analyzed. Those codominant markers can
provide accurate anchors in various positions of the
genome and can increase the accuracy of the analysis
substantially. It isimportant to combine dominant and
codominant markers in mapping analysis, especially
when the marker linkage map has to be reconstructed
from the data before being used for mapping QTL.
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