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ABSTRACT

A new strategy for studying the genome structure and organization of natural populations is proposed
on the basis of a combined analysis of linkage and linkage disequilibrium using known polymorphic
markers. This strategy exploits a random sample drawn from a panmictic natural population and the
open-pollinated progeny of the sample. It is established on the principle of gene transmission from the
parental to progeny generation during which the linkage between different markers is broken down due
to meiotic recombination. The strategy has power to simultaneously capture the information about the
linkage of the markers (as measured by recombination fraction) and the degree of their linkage disequilib-
rium created at a historic time. Simulation studies indicate that the statistical method implemented
by the Fisher-scoring algorithm can provide accurate and precise estimates for the allele frequencies,
recombination fractions, and linkage disequilibria between different markers. The strategy has great
implications for constructing a dense linkage disequilibrium map that can facilitate the identification and
positional cloning of the genes underlying both simple and complex traits.

ITH improved techniques for high-throughput

identification and genotyping of polymorphisms,
it has been possible to genotype molecular markers
throughout the genome and construct a dense linkage
map covering the entire genome (LANDEGREN et al.
1998; WANG et al. 1998). For species with homozygous
inbred lines available, the linkage analysis of markers is
based on the recombinations of a particular chromo-
some region that are created by hybridization between
two genetically divergent inbred lines (MATHER and
Jinks 1982). Such a strategy can directly provide an
estimate for the linkage relationship of markers as mea-
sured by recombination fraction, because there is clear
information about parental linkage phase between al-
leles of different markers. However, linkage mapping
has two major limitations. First, for closely linked mark-
ers, there will be few recombinations in a segregating
generation and, hence, a dense linkage map will provide
little extra information about the localization of target
genes, unless the number of individuals of the genera-
tion is very large (DARVASI et al. 1993). For example,
using linkage analysis, LONG et al. (1995) could only map
quantitative traitloci (QTL) affecting bristle numbers in
Drosophila to regions of ~5-10 cM. Second, homozy-
gous inbred lines used to generate the F, parents of a
priori known linkage phases for the traditional linkage
analysis (MATHER and JINKS 1982) are virtually unavail-
able for natural populations. For many study materials
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sampled randomly from a natural population, there-
fore, uncertainty of linkage phase between markers pre-
vents a direct estimate of their recombination fraction.

For natural populations, the degree of nonrandom
genetic association or linkage disequilibrium, produced
at a historic time by various evolutionary forces such as
mutation, drift, selection, and admixture, is estimated
to indirectly infer how strongly these markers are linked
on the same chromosome. If the linkage disequilibrium
of the markers occurred a long time ago, a strong link-
age disequilibrium detected may suggest close physical
linkage between the markers because linkage disequilib-
rium decays with time (KAPLAN e al. 1995). This princi-
ple has tremendous potential for constructing fine-scale
linkage disequilibrium maps for cloning the genes that
cause complex qualitative or quantitative traits (re-
viewed in TEMPLETON 1999). At present, a number of
theories or techniques have been well established for
linkage disequilibrium-based mapping of target genes
in natural populations (HAsTBACKA et al. 1992, 1994;
RiscH and MERIKANGAS 1996; X1oNG and Guo 1997;
TERWILLIGER and WEIss 1998; KrRuGLYAK 1999; MEU-
wissEN and GopparD 2000).

The success of linkage disequilibrium mapping is the
presence of linkage disequilibrium between different
loci arising from the covariance of the population fre-
quencies of nonalleles in the same gamete (LyNcH and
WawLsn 1998). The degree and extent of linkage disequi-
librium reflect the evolutionary history of a population
and its interactions with different evolutionary forces
(HiLL and RoBERTSON 1968; NEI and L1 1973; OHTA
1982a,b; EPPERSON and ALLARD 1987; PETERSON el al.
1999; FARNIR et al. 2000). A number of earlier studies
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have focused on statistical methods for detecting the
existence of linkage disequilibrium. A likelihood-based
procedure was developed by HiLL (1974) to estimate
the coefficient of linkage disequilibrium between two
loci in a finite random mating population. BROWN
(1975) established a theoretical framework for the sam-
ple sizes required for detecting the disequilibrium by
the use of data on gametic and zygotic frequencies.
WEIR and COCKERHAM (1978) suggested a statistical pro-
cedure for calculating the power of testing linkage dis-
equilibrium between different loci of multiple alleles.
More recently, Luo (1998) and Luo and Sunar (1999)
proposed statistical approaches for testing and estimat-
ing linkage disequilibrium between a polymorphic
marker and a putative QTL. All of these analyses have
laid a necessary foundation for linkage disequilibrium
mapping of disease genes in human populations (HAsT-
BACKA el al. 1992, 1994; CoLLINS and MoRrTON 1998;
Escamirra et al. 1999; SERVICE et al. 1999).

A major problem with current strategies for linkage
disequilibrium mapping is that they provide little insight
into the mechanistic basis of linkage disequilibrium de-
tected in a natural population. Without such knowledge,
however, the genomic localization and cloning of genes
based on linkage disequilibrium may not be successful,
because a strong linkage disequilibrium detected be-
tween two genetic loci may be due to the recent occur-
rence of disequilibrium rather than a close physical map
distance of the two loci. In human genetics, the cause
of linkage disequilibrium can be revealed through a
combined linkage and linkage disequilibrium analysis,
as shown by a transmission/disequilibrium testing
(TDT) approach (Arrison 1997; RaBiNowrTz 1997,
Camp 1998). However, TDT is critically relied upon for
nuclear family data with complete records for multiple
successive generations. This approach therefore cannot
be used for genome mapping in many other situations
where no nuclear family records are available or for
other undomesticated species, such as wildlife and forest
trees. For these situations or species, it is essential for
developing a powerful approach that needs no nuclear
family but can still provide a simultaneous estimate for
linkage and linkage disequilibrium between genetic loci
of interest.

In this article, we propose a new strategy for detecting
linkage and linkage disequilibrium between polymor-
phic markers in natural populations. The new strategy
is expected to provide a new avenue for studying the
evolutionary dynamics of population variation and dif-
ferentiation. Furthermore, as compared to a pure link-
age analysis or linkage disequilibrium analysis, the com-
bined use of linkage and linkage disequilibrium analysis
methods can greatly enhance the feasibility of high-
resolution mapping of genes of interest and their subse-
quent genetic manipulation. The strategy is presented
in two parts, one on dioecious species and the other on
monoecious species. Dioecious species including ani-
mals, humans, and many forest trees, such as Ginkgo,

poplar, and willow, display a single sex for an individual
and, therefore, are predominantly outcrossing. Mono-
ecious species comprising most crop and horticultural
plants and forest trees such as pine, fir, and spruce carry
both sexes on every individual and could be both self-
compatible and outcrossing. We first deal with a simpler
dioecious model. A more complicated statistical model
for analyzing natural populations of monoecious species
will be reported in a forthcoming companion article.

TWO-LOCUS MODEL

Population structure theory: Consider a panmictic
natural population of a dioecious species in Hardy-
Weinberg equilibrium. In the population, m neutral co-
dominant markers M!, . . . , M" are assumed to be
segregating. Let an allele at marker M’ (i =1, ..., 1),
designated by M, (r = 1, . . ., n;), have population
frequency P, X, P = 1, with the number of alleles n
at the marker being arbitrary.

Assume that a second marker M is located on the
same chromosome as M', both markers having a recom-
bination fraction 6%. These two linked markers are genet-
ically associated in the population with the coefficient
of gametic linkage disequilibrium between a pair of
nonalleles from the two markers denoted by D} (s =
1, ..., n). The population frequency of the gamete
(haplotype) at the two markers MM, can be expressed
as

P} = PP, + Dj, (1)
with the constraints of

—pipi = DI = pi(1 — pl)  (LEWONTIN 1964)
SDi=3XDi=0

r=1 s=1

(WEIR and COCKERHAM 1978).

The value of D¥ may be positive or negative depending
on whether nonalleles M! and M) are in coupling
(MM gametes are overrepresented) or repulsion
(MM gametes are underrepresented) disequilibrium
(LyncH and WALsH 1998). Because random mating is
assumed in the population, n;n; two-locus gametes unite
to form Yinn(n; + 1) (n; + 1) unique zygotic genotypes,
designated by M; M, M/, M,, where n, n (rn = n =
1,...,mn) and 5, (s = s = 1, ..., ny) are the
two alleles of zygotic genotype at markers M’ and M/,
respectively. The genotype frequency of M; M; M| M,
in the current population is expressed as

Pi... = wPi Pl + Pi Pl), (2)

7795189 185t ToSy nsot Tos)

where w is the indicator variable relating the marker
genotypes to their frequencies,

D/Q if n=mn and 51 = %
w:Dl if n =mrnand s # s orn # nand s = 5
if n # 2] and M # So.
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TABLE 1

The frequencies of different genotypes at two biallelic markers M' and M in a natural population, the numbers (H) of genotypes
drawn randomly from the population, and the conditional probabilities of the gamete genotypes (haplotypes)
given each sampled plant of a particular marker genotype

Sampled plant

Gamete (haplotype) produced by each sampled plant

Genotype Frequency Number MiMj MM Mi5Mj M
MM MM Py = (Ph)? Hiy 1 0 0 0
MMM M Ping = 2P} Py Hio 1/2 1/2 0 0
MiM{M{Ms Pl = (Py)? Hiyg 0 1 0 0
MMM M Pioyy = 2P} P Hiy, 1/2 0 1/2 0
MiM;MiMi,  Ply, = 2(PiPj, + Pi,Pi) Hiyy PhPl, — °Ds PiPh - 0Dy Phlh - 0Dy PhPh - 6Dy
Ptors Pty Pty Py,

MiM{MMY Piagy = 2P}, Pl Hiygg 0 1/2 0 1/2
MMM MG Pioyy = (Ph)? Hiy, 0 0 1 0
M5MEM My Piyyy = 2P§ P Hiyyy 0 0 1/2 1/2
MMMy M Ploss = (Pl)* Hogs 0 0 0 1

M M, M, M, two-locus zygotic genotype; MM, two-locus gametic genotype; P}, .., the frequency of two-locus zygotic genotype

99

in the current generation; PJ, the frequency of two-locus gamete producing the current generation; 6%, the recombination
fraction of the two markers; D}, the linkage disequilibrium of the two markers.

If all zygotes can produce gametes for the next genera-
tion, there will be a total of nn; gametes for markers M
and M at the entire population level. But different zy-
gotic genotypes produce different types of gametes; only
the genotypes heterozygous at both markers generate
all types of gametes whose relative frequencies are af-
fected by recombination fraction and linkage disequilib-
rium. Table 1 gives nine zygotic genotypes, their popula-
tion frequencies, and the frequencies of gametes they
produce for the next generation under a simpler bial-
lelic model (see APPENDIX A for derivations). According
to the population genetics theory (NAGYLAKI 1991), the
amount of linkage disequilibrium between any two loci
is reduced at the rate of recombination frequency after
the population mates at random for one generation.
The coefficient of linkage disequilibrium in the new
generation is changed to be (1 — %) DJ. Thus, the ga-
mete frequencies for haplotypes Mi:M/in the new gener-
ation at the entire population level are

Qi = PP, + (1 — 09D, (3)

Further, these gametes are randomly combined to gen-
erate the progeny M; M; M} M/, which are contained in
seeds for plants. If there is no overlapping in reproduc-
tion between the parental and progeny generations, the
frequencies of the genotypes at the two markers are
the products of the frequencies of the corresponding
gametes.

Sampling theory: A sample of H female plants is ran-

domly selected from the population. The seeds of these
sampled plants are collected and germinated into seed-
lings. In traditional quantitative genetics, these seed-
lings grown in a regular experimental design initiate a
progeny test, which serves as the selection of best parents
for the next generations (MCKEAND and BRIDGWATER
1998). Both the sampled plants and their progeny are
genotyped for molecular markers M, . .., M", each of an
arbitrary number of alleles. According to the sampling
theory, every randomly selected plant from the original
population should be one of the Vinn(n; + 1) (n;, + 1)
distinguishable genotypes for the two markers M' and
M/, each genotype with a frequency of Py, (see Equa-
tion 2) and a sample size of H},,, (Table 1). For dioe-
cious species, offspring genotypes (contained in seeds)
of a sampled plant are formed through combing its
maternal gametes with paternal gametes from the pol-
len pool. These offspring virtually represent a half-sib
relationship with the common mother and different
(unknown) fathers. The relative fractions of different
maternal gametes generated by a sampled plant of a
particular marker genotype are given for two biallelic
markers in Table 1. The frequencies of paternal gametes
in the pollen pool at the entire population level are
described by Equation 3. Because of different composi-
tions of maternal gametes (Table 1), different marker
genotypes of the sampled plants generate different com-
positions of progeny genotypes. The conditional proba-
bilities (Qfi%%%) of the progeny genotypes at markers

79515
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M’ and M/, given a mother plant, can be derived from
Bayes’ theorem, where the subscripts index the mother
plant’s genotype and the superscripts index the geno-
type of a progeny. As a simpler example, these condi-
tional probabilities are given for two biallelic markers
in Table 2. Similarly, we use Nfi%:%% to denote the num-
ber of progenywith a particular genotype collected from
a sampled plant.

Estimation theory: The allele frequencies, linkage,
and linkage disequilibrium for the markers M’ and M/
in the original population can be estimated using the
random sample. To estimate these unknown genetic
parameters associated with the two markers @/ =
(P, P, 0%, DI)", a two-stage hierarchical likelihood
function of the marker data (M) is formulated from the
sampled plants and their half-sib families,

noonoon H

ij
i Y 788y

LMlay = T 1T Pl ®

n=lp=1s=1s5=1 £=1

RyRoS| S5
n, n, n; N2
il Y s,

X ITITITIT IT @@, (4
R=1R,=18=18=1 (=1
with the restrictions of 1 = 5, 5§ = 5, B = Ry, S = &,
where & and ( are the £th sampled plant and the {th
progeny of the sampled plant, respectively, and the
other symbols have been defined as above and are given
in Tables 1 and 2 when a biallelic model is assumed.

There have been a number of computational algo-
rithms available to obtain maximum-likelihood esti-
mates (MLEs) of the four unknowns. In this article, the
Fisher-scoring algorithm based on iterations is em-
ployed (EpwARrDS 1984) because it is easy to derive and
also very fast. In terms of this algorithm, the estimates
at the (7 + 1)th iteration can be expressed by the score
function vector S(w’) and Fisher information matrix
I(w¥) (APPENDIX B). The values at the Tth iteration are
modified by adding to them the scores divided by the
information, both evaluated at the tth iteration. This
iteration continues until successive iterates differ by less
than some specified amount. It is apparent that the
appropriateness of the Fisher-scoring algorithm relies
upon the condition that the information is not zero or
the information matrix is nonsingular. In practice, it is
always desirable to try several different starting values
and to compare the likelihoods found after conver-
gence. After obtaining the MLEs of the unknown param-
eters, the inverse of I(4t%) is calculated to estimate the
sampling variances of 7.

For the purpose of linkage mapping, the degree of
linkage between the two markers under consideration
is important and should be tested statistically. The
hypotheses for testing for linkage are H, (free recombi-
nation), 8 = 0.5 vs. H; (linkage), 67 # 0.5. The likeli-
hood-ratio (LLR) test statistic has the form of

LM|P;, P, 87 = 0.5, DY)
L(Mld7)

LRy = —2 log ,  (ba)

TABLE 2

The conditional probabilities of the joint genotypes at two biallelic markers M‘ and M in the progeny population produced by

the sampled plants of particular marker genotypes drawn randomly from a natural population

Progeny

MAMMIME  MAMEMEML  MMiMiM

Mi MMM

M M Mi M,

M M Mi M

MM MM

MiMiMiMi

M M Mi M

Sampled plants

M M Mi M
MM M; My

MMM

SO O

0
0
0

% Qd

Qd,
%P}
Q4
%P
(PHPd, — 87DY) Qfy (PhPh + 8°DY) Qy + (PP + 67DY) Qfy (PhPH + 8°DY) Q1 + (PhPdh + 87D (Q1 + Qd) + (P1iPh — 8'DY) Qfy + (PhPh + 6'D) Q4 (PliPh — 0DY) Qdh + (PP — 87DY) Qdy

S SO

%04

1

O 1]
Y% Q?z % Q4

Qi 0
0 Y% Pi

Qs

YoPi

Qh
% Qs

Qn
%0l
0
40

j

M MMM
M M, Mi M,

(PyP4 + 6'D7) Qb

(Pl,P4 + 0D Q4

(PLP4 = 0'D)

(PHPYy — 6'D") Q4

(PHPYy — 6°D%) Qf,

Qb

|, two-locus zygotic genotype; P}, the frequency of two-locus gamete producing the current generation; Q¥ the frequency of two-locus gamete produced for

i
I] N
the next generation; P

1”
% Q%
o
%Q%

1

%Qi
Qh
KP;
Q

0
Q4
% Q4
0

%Py
0
Y0l
Qfs

Y,P
Ql
%Pi
oh

X (Qhh + Qh)

0
Qh
%0,
0

M MMM
MMM M
MMM M
MM MiMi

i

i

, the allele frequency of marker M.

the allele frequency of marker M

i
”

L)

.
1
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where  and ~ denote the MLEs of the unknowns under
H, and H,, respectively. Linkage disequilibrium is an
important population genetic parameter and its exis-
tence and degree reflect the dynamics of population
evolution. The hypotheses for overall linkage disequilib-
rium between markers M’ and M/ can be formulated as
H,, all Di = 0 vs. H,, at least DJ # 0, whose LR test
statistic is

LMIPL P, 09, Di=0,r=1,...

n,s=1,...m)
L(M| ) '

LR, = —2 log

(5b)

These test statistics (5a and 5b) are ~x*-distributed with
1 d.f. Alternatively, the hypothesis test about linkage
disequilibrium can be based on the collapse of marker
data into a few alleles. But such a treatment may change
the power of the tests for linkage disequilibrium, as
demonstrated in WEIR and COCKERHAM (1978).

If the null hypothesis of (5a) is accepted, then a sig-
nificant linkage disequilibrium detected by (5b) indi-
cates thatlinkage disequilibrium between a pair of mark-
ers is not due to their strong linkage. In this case, results
from pure linkage disequilibrium mapping (Luo 1998;
Luo and Sunart 1999; MeuwisseN and GopparDp 2000)
are ineffective for gene mapping. If nonsignificant link-
age disequilibrium is detected for two linked markers,
although this may be rare, the two markers are still
useful for potential localization of a target gene. Thus,
by testing simultaneously for the significance of linkage
and linkage disequilibrium, our analytical approach in-
creases both the effectiveness and efficiency of gene
mapping in a natural population.

MARKER ORDERING

The principle for a joint linkage and linkage disequi-
librium analysis of two markers can be extended to
include more than two markers. This extension is based
on two assumptions: (1) recombination between any
two markers is independent of recombination between
any other nonoverlapping two, i.e., no crossover interfer-
ence; and (2) linkage disequilibrium between one pair
of markers is independent of disequilibrium between
other pairs. When there are more than two markers,
the most likely linkage order should give the highest
likelihood value for a particular dataset. With the two
assumptions described above, we propose a hidden Mar-
kov model to determine an optimal order for different
markers (see also LANDER and GREEN 1987).

Assume that all  codominant markers are derived
from the same chromosome in a randomly mating popu-
lation. We use M}, (n = 1, ..., n) and M, M;, (r; =
e = 1, ..., n) to denote an allele (gamete) and
genotype (zygote) from a marker M/, with the popula-
tion frequencies P}, and P, , , respectively. For a particu-
lar order M', . .., M/, ..., M", /") is used to denote
a recombmatlon fractlon between two adjacent markers.

The coefficient of linkage disequilibrium between a pair
of nonalleles 7, and 74, from two adjacent markers is
denoted by DV, For a vector of unknowns @ = {Pi,
pith, DIV g two-stage hierarchical likelihood func-
tion is formulated as

no oMy Mg
LMlm) = T] H I I
=10 =1 =101y =14 1y9=1
i N N
Tl 1+ )2 d i+1
X i(it+1)
H P:l T+ )17 y+1z’ ]-_-[ H ]-_-[
=1 1{‘1 1 Ry=1 Ry =1
N EaReR 1R 2
i N T2+ )12

X H H Qﬁf"iy’%ﬁﬁ;‘)‘lﬁf;m(C) ’
Rige=l (=1 (6)
where there are the restrictions 1 = 7y, Hir1)1 = Yit+1)2
Ry = Ry, and Ry = Rivne, and P4y, and

Db are accordingly defined by Equations 1
and 3.

Similarly, the MLEs of the unknown vector 7 can
be obtained by the Fisher-scoring algorithm based on
iterations (APPENDIX B). The hypotheses for linkage and
linkage disequilibrium for every two adjacent markers
can be tested accordingly. Using the Markov chain
model (6), we can only estimate the linkage disequilibria
between two adjacent markers and ignore the estimates
of disequilibria between distant markers. Such a result
may be limited from a population genetic perspective,
because one cannot detect all possible linkage disequi-
libria generated by evolutionary forces. However, this
result can definitely facilitate genomic localization and
cloning of genes because our objective is to use a nearest
marker to manipulate a target gene of interest.

RESULTS

To demonstrate the statistical properties of the
method proposed in this article, we analyze examples
on the basis of simulations. In these examples, plants
for seed collection are supposed to be randomly sam-
pled from a natural population in Hardy-Weinberg equi-
librium. The effects of different sampling schemes and
parameter values on the estimates for unknowns are
examined, respectively.

Effects of sampling schemes: Assume that the total
number (1000) of the open-pollinated progeny col-
lected from all sampled plants is fixed. Five different
sampling schemes are generated by changing the num-
ber of the sampled plants (H), each of which corre-
sponds to a half-sib family, and the size of progeny (N)
generated by each sampled plant (Table 3). These five
schemes represent few large families, many small fami-
lies, and moderately sized families of a moderate num-
ber. Among all the strategies, the value for each of the
genetic parameters P, Pj, 0% and DI for two hypothe-
sized biallelic markers M’ and MVis set to be equal (Table
3). The generation of the marker data for the H half-
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TABLE 3

MLEs of the genetic parameters for two biallelic markers and standard errors of the MLEs (in parentheses)

calculated from 100 simulation runs for different sampling schemes

07 = 0.1 Di=0.12
Sampling
scheme N P, =0.5 P, =0.3 MLE Power MLE Power
1 10 100 0.4991 0.3007 0.1008 0.95 0.1203 0.96
(0.0012) (0.0008) (0.0007) (0.0004)
(0.0012) (0.0009) (0.0009) (0.0004)
2 20 50 0.5004 0.2993 0.1005 0.93 0.1202 0.96
(0.0013) (0.0008) (0.0007) (0.0005)
(0.0014) (0.0008) (0.0007) (0.0005)
3 32 32 0.5016 0.3005 0.0999 0.92 0.1201 0.94
(0.0012) (0.0008) (0.0007) (0.0006)
(0.0012) (0.0008) (0.0008) (0.0007)
4 50 20 0.4994 0.3010 0.1006 0.91 0.1204 0.92
(0.0016) (0.0007) (0.0008) (0.0006)
(0.0017) (0.0007) (0.0010) (0.0008)
5 100 10 0.5007 0.3009 0.1007 0.89 0.1201 0.90
(0.0011) (0.0007) (0.0007) (0.0005)
(0.0011) (0.0007) (0.0008) (0.0006)

Standard errors presented in upper parentheses are averaged from 100 runs and those in lower parentheses
are derived from the Fisher information index on the basis of a single run. P} and P} are the allele frequencies
of markers M’ and M/, and 6% and D are the recombination fraction and linkage disequilibrium between the

two markers.

sib families of equal size N includes the following two
steps:

1. Randomly assign the nine joint genotypes at the two
markers M’ and M/ to the H sampled plants according
to multinomial distribution with the probabilities as
given in Table 1.

2. Randomly assign the two-marker genotypes to the
open-pollinated progeny generated by each sampled
plant of a particular marker genotype according to
the probabilities of the marker genotypes of the prog-
eny given in Table 2.

Because the estimates for the four unknowns are based
on known marker genotypes, a likelihood-based ap-
proach has many desirable properties in the rate of
convergence to achieve stable MLEs and the accuracy
and power to obtain these estimates (HiLL 1974). In
this simulation, we compare the predicted variances of
the estimates for these parameters from the asymptotic
variance-covariance matrix of the MLEs to the empirical
estimates calculated from the repeated simulations. The
estimates of the parameters based on 100 runs are aver-
aged and their standard errors are calculated. The sam-
pling errors of the estimates based on a single run are
calculated using the Fisher information index as de-
scribed in APPENDIX B.

Table 3 illustrates the MLEs for each of the four
unknown parameters and two types of standard errors
under different sampling schemes. In all situations, re-
gardless of the combinations of family number (H) and
size (N), the MLEs of the allele frequencies for two

hypothesized markers using the estimation procedures
developed in this article are adequately consistent with
their actual values. The same is also true for the MLEs
of recombination fraction and linkage disequilibrium
between the two markers. Results from statistical tests
based on Equations 5a and 5b indicate that the alleles
of these two different markers are physically significantly
linked and genetically significantly associated in the
population.

In this example, the predicted values for standard
errors estimated from the inverse of the information
matrix are reasonably approximate to their empirical
values from multiple simulation runs (Table 3). This
may be partly because our parameter estimates are based
on complete marker information without missing data
(see also Luo and SunHAl 1999). As assessed by these
two types of estimates for standard errors, the method
proposed here has good precision for estimating the
population genetic parameters of molecular markers.
The power to detect significant linkage or linkage dis-
equilibrium between the two simulated markers is
higher for few families of large sizes than for many
families of small sizes. But in all sampling schemes, the
power is 0.90 or higher.

Effects of linkage and linkage disequilibrium: In this
simulation, we assume five biallelic markers with a
known order on the same chromosome. These markers
are jointly sampled from a natural population in which
allele frequency is set to be P, = 0.40 for each marker.
The sampling strategy used is 10 half-sib families and
100 progeny in each family. Different recombination
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fractions and linkage disequilibria of two adjacent mark-
ers are hypothesized as given in Table 4 and lead to
four combination patterns: (1) tight linkage and weak
disequilibrium, (2) tight linkage and strong disequilib-
rium, (3) loose linkage and weak disequilibrium, and
(4) loose linkage and strong disequilibrium. We first
use separate analyses for every two adjacent markers,
which are then followed by a joint analysis combining
all the five markers through a Markov chain model. The
MLEs for unknown parameters are obtained from a
single run and their sampling errors for the estimates
are assessed by the inverse of the information matrix.
Generally, the estimates of allele frequency are not
much affected by the degrees of linkage and linkage
disequilibrium of markers (Table 4), with consistent
results from separate and joint analyses. The estimation
precision of recombination fraction and linkage dis-
equilibrium can be much increased when two markers
are tightly linked or display low nonrandom association
between the allelic frequencies of the markers (Table
4). Both accuracy and precision of parameter estimates
from a separate analysis are largely reduced when two
markers have loose linkage and strong disequilibrium.
However, these can be much improved by using a joint
analysis of all the five markers based on a Markovmodel.

DISCUSSION

The originality of the statistical method proposed in
this study is a combined use of the current linkage
analysis and linkage disequilibrium-based mapping the-
ory to simultaneously estimate genetic map distances
and population genetic associations of markers using
random samples drawn from a natural population. Link-
age analysis looks for coinheritance of different markers
or QTL within a chromosomal region, while linkage
disequilibrium looks for differences in the frequency of
marker alleles between genotypes of a different marker
or different categories of a phenotype. The combined
analysis not only can overcome the limitations of linkage
analysis, as noted in the Introduction, but also can in-
crease the effectiveness and efficiency of linkage disequi-
librium mapping aimed at precise estimation of gene
location. The new analytical method can be seen as an
extension of linkage disequilibrium mapping for human
pedigrees with complete family records toward any types
of natural populations.

In this article, a mapping model is developed for
dioecious plant species. The progeny of random sam-
ples collected from a dioecious population form a series
of open-pollinated (or half-sib) families each with a
common female parent and different male parents. The
experimental strategy for including both the sampled
plants and their progeny for genome mapping offers a
unique opportunity to study the transmission of genes
from the parental to progeny generation, which causes
the breakdown of linkage through meiotic recombina-

TABLE 4

MLEs (* SE) of the genetic parameters for five biallelic markers calculated from a single run

MLE by joint analysis

MLE by separate analysis

Hypothesized value

Combination

éi(H])

i
r

=g

éi(i+])

i
r

ij
s

9i(i+l)

pattern

Marker

0.4001 = 0.0004

0.40 0.4051 = 0.0008

M]

0.0205 = 0.0006

0.0204 = 0.0004

0.0205 * 0.0005

0.0201 = 0.0004

0.02

0.02

0.4008 = 0.0008

0.40 0.4030 = 0.0010

M2

0.1205 = 0.0034

0.0193 = 0.0009

0.1285 = 0.0074

0.0206 = 0.0012

0.12

0.02

0.4021 = 0.0009

0.40 0.4021 * 0.0015

MS

0.0215 = 0.0024

0.3012 = 0.0014

0.0242 = 0.0056

0.3102 = 0.0084

0.02

0.30

0.4006 = 0.0007

0.40 0.3974 * 0.0019

M4

0.1213 * 0.0077

0.3046 * 0.0054

0.1105 * 0.0108

0.3194 * 0.0109

0.12

0.30

0.4035 = 0.0011

0.40 0.4098 = 0.0032

M5

Standard errors (SE) are derived from the Fisher information index. Combination patterns include (1) tight linkage and weak disequilibrium, (2) tight linkage and strong

disequilibrium, (3) loose linkage and weak disequilibrium, and (4) loose linkage and strong disequilibrium.
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tion and, thus, the dissipation of linkage disequilibrium
between two markers. Unlike previous strategies for a
linkage disequilibrium analysis (HiLL 1974; WEIR and
CockerHAM 1978), the new strategy, therefore, can cap-
ture the intrinsic relationship between linkage and link-
age disequilibrium. In human genetic mapping, simulta-
neous estimation of linkage and linkage disequilibrium
is based on nuclear family data (ALLison 1997). Such
a strategy cannot take advantage of analyzing random
samples from a natural population in that one can col-
lect sample sizes as large as those considered in the
simulation study. In practice, the new strategy can make
an immediate application to many plantspecies in which
progeny tests have been established in the field for a
number of years (MCKEAND and BRIDGWATER 1998).

Given a fixed sample size, our simulation study has
focused on the influence of different allocations of the
samples between and within families on parameter esti-
mation. When a sample size is adequately large, for
instance, as is that used in our example, the precise
estimation of genetic parameters, allele frequencies,
linkage, and linkage disequilibrium for markers can be
obtained, irrespective of few large families or many small
families. Such an advantage for the strategy proposed in
this article results from two reasons. First, our mapping
analysis is established on the foundation of both paren-
tal generation and open-pollinated progeny generation.
Asarandom sample, the parental generation contains as
much full information about marker allele frequencies,
linkage, and linkage disequilibrium as the original pop-
ulation. Unlike full-sib families, open-pollinated families
used in our strategy contain full information not only
about marker linkage but also about marker population
genetic properties due to the contribution of the pater-
nal gametes (pollen) from the population. Second, our
linkage analysis of known marker genotypes includes
no missing information, a situation not analogous to
QTL mapping in which the genotypes at QTL are un-
known.

In this study, we implement the Fisher-scoring algo-
rithm to obtain the MLEs of unknown parameters de-
fining the likelihood function of a marker dataset. The
Fisher-scoring algorithm is computationally faster and
can be more easily derived (EDWARDs 1984), as com-
pared to the expectation-maximization (EM) algorithm
(DEMPSTER el al. 1977) or Markov chain Monte Carlo
method (MCMC; HOESCHELE et al. 1997). Its implemen-
tation permits a multiple sampling technique to be used
more conveniently. Also, this algorithm can provide the
estimates for the asymptotic variances of the parameter
estimates. For parameter estimates of known markers
with joint genotypes in a multinomial distribution, the
asymptotic variances estimated from the Fisher informa-
tion matrix can adequately describe their sampling er-
rors, especially for large samples, although this may not
be an actual case for QTL mapping as seen in Kao and
ZENG (1997). In some situations, the calculation of the

sampling errors from the Fisher information matrix may
encounter negative definitive or singular problems of
the matrix. Although these may not be serious for the
linkage mapping of known markers, it is advisable to
try several different starting values for the parameters
to be estimated.

In our experience, a simple Fisher-scoring algorithm
is sufficient for analyzing informative markers of known
genotypes. However, for a real dataset, there may be
many marker types of different segregating patterns.
Some markers may be dominant and others may be
incomplete or misscored. Many questions for treating
these noninformative markers are still open. For exam-
ple, can we extract useful information from these mark-
ers to globally enhance our joint linkage and linkage
disequilibrium analysis throughout an entire genome?
If yes, how do we make this more efficient? Because of
the involvement of the markers of missing information,
the Fisher-scoring algorithm may be insufficient for pa-
rameter estimation. The EM algorithm or MCMC meth-
odology should be developed to effectively handle these
missing data. In addition, when the idea for a combined
linkage and linkage disequilibrium analysis is extended
to map QTL of unknown genotypes, which is viewed as
a missing data problem, the Fisher-scoring algorithm
may be very limited. For QTL mapping, more advanced
approaches, such as EM algorithm or MCMC, should
be developed. Although these approaches are compu-
tationally demanding, they can take account of the dis-
tribution of multilocus marker-QTL genotypes and
permit investigators to fit different models of variation
at the QTL.

One of the major contributions of this study is to
derive general formulas for estimating allelic frequen-
cies, recombination fractions, and linkage disequilibria
for multiallelic markers in natural populations. A num-
ber of molecular experiments have demonstrated that
multiple alleles per genetic locus are very common in
undomesticated populations, such as forest trees
(DEGEN et al. 1999). Also, the capacity to detect multial-
lelic markers is largely enhanced by the development
of new biotechnologies such as microsatellites. Analyses
of multiallelic markers can be simplified by collapsing
them into a few alleles at each locus. But, as found by
WEeIR and CockErRHAM (1978), this simplification may
change the power of detecting linkage disequilibrium
and lose some important information about disequilib-
rium inferences. Thus, it is especially not advisable to
use a collapsed set of data when the aim of a study is
precise localization of QTL and its subsequent posi-
tional cloning.

Our mapping approach here is based on a two-point
analysis. We further extend the simple two-point analysis
to include all markers from the same chromosome
through a Markov model. Such ajoint two-point analysis
can increase both accuracy and precision of parameter
estimation, as demonstrated by a simulation study. For
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two markers that are not strongly linked but strongly
associated between their allelic frequencies, the two-
point analysis excluding other marker information
likely has low precision (Table 4). But when other mark-
ers are included, the precision of the analysis of these
two markers is much increased. Apart from the improve-
ment of the precision of parameter estimation, a joint
two-point analysis based on a Markov model can facili-
tate the ordering of molecular markers on a chromo-
some (see also LANDER and GREEN 1987). The other
means of ordering markers is to develop a multipoint
analysis. Although this is mathematically very compli-
cated, the extension of our method to a multipoint analy-
sis is straightforward. Assume that there are three differ-
ent markers with an order M/, M/, and M/ on the same
chromosomes. A threedocus gamete MMM (r =
1,....m,s=1,...,n,t=1,..., n) has the frequency
in the original population,

Pl = P,PIPt + PDii + PiDy + PiD} + DI,

where a three-locus linkage disequilibrium DY is as-
sumed to exist (WEIR 1996). In a three-point analysis,
the relationship between linkage disequilibrium and
recombination fraction becomes nonlinear when genes
are transmitted from parental to progeny generation
(R. L. Wu, unpublished results). The gamete frequen-
cies of three-locus gametes in the current and next gen-
erations can be expanded to formulate a likelihood
function, given the data as in (4).

Many of our species are still in wild states and are of
great importance in terms of their economical signifi-
cance and theoretical values of biological research. For
example, as evidenced in TANKSLEY and McCoucH
(1997), a number of favorable disease-resistant genes
in crop plants are currently warehoused in natural popu-
lations of their wild relative species and can be made
useful to humans if the number, effects, and locations
of these genes are understood. From an evolutionary
perspective, knowledge about the organization and
structure of wild populations helps us to understand
the genetic mechanisms of population evolution and
make reasonable predictions about the dynamic
changes of the populations (BarToN 2000). Unfortu-
nately, the gene-level studies of genetic architecture and
inheritance mode for a complex trait in natural popula-
tions are surprisingly rare as a result of the paucity of
powerful tools to effectively analyze these populations.
Although the method reported here is developed for
dioecious species, its extension to monoecious species
is possible, but requires an additional mathematical ma-
nipulation on outcrossing rate, a population genetic
parameter that describes the relative importance of out-
crossing pollination to selfing pollination within the
same plant. With such powerful mapping approaches
available to different kinds of species, we are close to
addressing many theoretical or practical genetic ques-
tions in depth for natural populations.
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APPENDIX A: DERIVATION OF GAMETE
FREQUENCIES

When a zygotic genotype is homozygous for both
markers M’ and M/, only one type of gamete is produced
and, thus, recombinant and nonrecombinant gametes
are mixed. When a zygotic genotype is homozygous for
a marker but heterozygous for the other marker, two

types of gametes are produced. In this case, one still
cannot distinguish between recombinant and nonre-
combinant gametes, because each gamete type is mixed.
However, for a genotype that is heterozygous at both
markers, four types of gametes can be produced. The
frequency for each of the four gamete types produced
by a two-marker heterozygous genotype is dependent
on the recombination fraction of the markers and the
frequency with which the heterozygous genotype was
yielded through gamete combination in the previous
generation. There are two ways for yielding the heterozy-
gous genotype M M, M| M, (n, # 5, si # s): (1) via
the combination of two gametes M, M} and M, M/, and
(2) via the combination of two gametes M; M) and
M; M. These two different ways therefore produce two
different diplotypes. The probability of the diplotype
produced the first way is 2P}, P}, whereas the proba-
bility of the diplotype produced the second way is
2P}, Pl (see Equation 2). The frequencies of the four
gamete types produced by the heterozygous genotype are
%(1 — 0Y), %07, %07 and %(1 — 6% in the first way and
%07, %(1 — 6%), %(1 — 6%), and %0 in the second way
for M, Mj, M, M,, M,M,, and M;M,, respectively.
Thus, it is not difficult to derive the frequencies of the
four gametes M; M), M;M,, M;M,, and MM, pro-
duced by a heterozygous genotype in the entire popula-
tion as Pj, P}, — 0'DY, Pi_Pi  + 0DV, Pi Pl + 6'D?,
and P}, P}, — 0'DY (see Table 1), respectively, where
DV = P P, — P} P],. The conditional probabilities
of these gametes are derived according to Bayes’ theo-
rem (see Table 1).

APPENDIX B: FISHER-SCORING ALGORITHMS
FOR OBTAINING MLES OF

For the Fisherscoring algorithm based on iterative
steps, the estimates at the (7 + 1)th iteration can be
expressed by

q.‘.ijlﬁr-*-u — ,.n-ij{’r} + I—l(ﬂij{ﬂ)s(ﬂij{’r))’

where
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is the score function, and

L) = ~BIS(@)S(w)]

%(aﬂ In L(Mlq-r"f)> E(a? In L(Mh—:if))
d(Pi)? APP;
%(a? In L(M|nff)> E(a? In L(M|nff)>
dPIIP: a(P))?
_ 0
- _%(a‘z In L(Ml'n-if)) E(a? In L(err"f))
0 9079 P 9079 P;
%(a‘z In L(len-"f)) E(a2 In L(len-i/))
aDIoP! aDIOP]



Genome Mapping in Natural Populations 909

E(a? In L(len-"f)) E<a2 In L(le"f’))D - api
P00 9POD} D H NI H o — 5
& In L(M|m) 3 In LM|w9)\U “le=la=lel
A ppe b dPOD] aPRY>
s is % H H H HH‘;T%{%SS]?%&’
E(62 In L(M|’n"7)) E( In I(M|1T’J)) Ri=1R,=18,=18,= s
9(07)? 099D, O
2 i i N
E(a In L(Mlz )) E( In L(Ml’T )> I(w) = —E In L(Mlﬂn-lf)}
aD98" a(DY) a( )2
is the Fisher information matrix. More specifically, the _ H ﬁ ﬁ H 1 [oP 'rqu 2
score function and the Fisher information index can B R Pi ol

=lnp=1s=15=1 1798159

be derived using

noom 1 QRIRQSI‘Q 2
NS
X RiRyS Sy — .
IIIT1I HHWNQ e

ij
R=1R,=15=18,=1 1178159 o

S(wi™) = i_ln L(M|w?)
omY



