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INTRODUCTION 
Linkage (LA) analyses have been often used to map quantitative trait loci (QTL) in animal 
populations, commonly under F2, backcross or half-sib designs. All LA analyses assume 
linkage equilibrium (LE) in the base generation and use marker and pedigree data to trace 
inheritance of chromosomal regions, commonly by calculating identity by descent (IBD) 
probability. Complex pedigrees can be a powerful design for LA mapping, but the calculation 
of IBD probability conditional on incomplete marker data is still a challenge (Fernandez et al., 
2002). Statistical methods for LA mapping include (Hoeschele, 2001) : least squares, 
nonparametric, variance components, maximum likelihood (ML), and Bayesian methods. Due 
to the known genetic relationships between individuals in LA analysis, few unknown events 
disturb the association so that LA mapping is robust. However, tracing inheritance of genes 
over only a few generations in mapping populations of realistic sizes can only achieve coarse 
mapping for most QTL. 
 
Linkage disequilibrium (LD) mapping is to evaluate the nonrandom association of alleles at 
different loci. LD of two linked loci decays as a function of recombination fraction (r) and the 
number of generations (t): Dt = (1-r)Dt-1 (Lewontin,1964), implying that linkage can be 
inferred, with caution, by evaluating LD. Commonly used LD mapping methods include: 
population- or family-based association (Devlin and Risch, 1995), full likelihood methods and 
Bayesian methods developed mostly by modeling the coancestry of a disease sample for one or 
multiple linked markers (McPeek and Strahs, 1999 ; Morris et al., 2000 ; Lam et al., 2000). LD 
in a population results from historical events (recombination, admixture, genetic drift, 
selection, and mutations). Consequently, LD mapping can achieve fine-scale mapping, because 
it incorporates historical recombinant events or utilizes distantly related individuals with 
unknown exact relationships. But it is generally not as robust as LA mapping, because other 
historical events can disturb the relationship between LD and inter-locus physical distance 
(e.g., Jorde, 2000). 
 
Candidate gene analysis has also been commonly used in animal populations and belongs to 
the general framework of LD mapping (e.g., Kim et al., 2000). Commonly used methods 
(linear regression and linear mixed models using candidate genotype or allelic effect as a fixed 
effect) are, in essence, to evaluate population-based association. Inference from a positive 
association to linkage is basically to infer linkage-caused LD. In comparison to human, most 
animal populations have closer genetic relationship, a history of strong artificial selection, and 
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generations of pedigree and phenotype records. Closer genetic relationship generally implies 
stronger population stratification effects and more extensive LD. Phenotype and pedigree data 
help to assess admixture and heterogeneity, and to adjust for population stratification effect 
(e.g., by fitting additive polygenetic effects). However, it is still not clear how nonadditive 
genetic effects, LD at the base generation, and accuracy of additive genetic variance estimation 
affect the association. Moreover, inference from linkage to the causal gene requires additional 
assumptions of complete linkage and LE between genes affecting the trait and the candidate 
gene. On the other hand, biological information can be extremely valuable, especially for a fine 
mapped QTL.  
 
Mapping a QTL to a very small region is clearly very beneficial for efficient marker assisted 
selection (MAS) and required for positional cloning. In essence, fine mapping is to test for 
QTL presence in a small chromosome region versus QTL presence in neighboring regions and 
requires a large number of recombination events in small regions. On one hand, using historical 
recombinations in LD mapping is a very efficient way to accumulate many recombination 
events in small regions. On the other hand, maximum use of pedigree and multiple marker 
information in LA mapping is beneficial to mapping efficiency and robustness. Therefore, joint 
LA/LD mapping is appropriate and very desirable. Recent developments of joint LA/LD 
mapping of QTL are reviewed in section of Continuous Traits. 
     
Many LA/LD mapping methods need to predict IBD probability at the base generation by 
“creating” population history (effective population size (Ne), mating pattern, etc.). Meuwissen 
and Goddard (2000) simulate founder origins to predict IBD probability at simulated loci, 
which can easily incorporate a more flexible history (e.g., variable Ne across generations), but 
cannot predict IBD sharing for regions between adjacent loci. Coalescence based methods have 
also been developed to evaluate coancestry of a disease sample (Graham and Thompson, 1998; 
Lam et al., 2000) and to predict IBD probability at the base generation (Meuwissen and 
Goddard, 2001).  
 
Here we present a Monte Carlo method to evaluate LD and IBD sharing, which differs from 
that of Meuwissen and Goddard (2000), and a nonparametric joint LA/LD method utilizing the 
estimated IBD probabilities to map a binary trait. We also discuss two different methods for 
joint LA/LD mapping of continuous traits, an expectation and a distribution method. 
 
Magnitude of LD and IBD sharing at the base generation 
Monte Carlo method. Here we describe a new Monte Carlo method to simulate the inheritance 
of an entire chromosome, in contrast to Meuwissen and Goddard’s (2000) locus based method. 
For a locus, recording founder origin of a gamete is sufficient for IBD sharing evaluation. For a 
chromosome, a gamete can have multiple founder origins due to crossover so that we need to 
record each founder origin along with its starting and ending chromosome position for the 
entire chromosome. Transmission is traced by recording parental gamete’s founder origins 
based on inheritance and recombination. For illustration, consider the transmission of a 
chromosome of length L cM from a sire to an offspring. At position 0 cM, assume the 
offspring inherits the grandpaternal origin from the sire. Recombination events are simulated, 
following a Poisson process (Guo, 1997) (e.g., one recombinant event realized at position x1). 
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As a result, the paternal offspring gamete has founder origins of sire’s paternal and maternal 
gamete from position 0 to x1, and x1 to L, respectively.  
 
 IBD sharing for a gamete pair at the base generation. “Creation” of history is necessary for 
evaluating IBD sharing at the base generation (refers to the base of a pedigree here and 
elsewhere). Due to lack of pedigree information, all gamete pairs at the base generation have 
the same prior IBD sharing that is evaluated by aligning a chromosome pair and comparing 
their founder origins. Consequently, one can estimate the joint and marginal probability of an 
interval being IBD or nonIBD. One can then use this distribution to estimate the prior IBD 
sharing probability for any linked loci. Two types of IBD sharing are distinguished: IBD 
sharing with respect to either all or a subset (one or several) of founder origins. The first IBD 
sharing probability is commonly used in animal breeding (e.g., Meuwissen and Goddard, 
2000). The second case has similarities to the approach taken by many human geneticists to 
model coancestry of a disease sample. 
 
IBD sharing at the base generation conditional on marker data.  Consider k linked marker loci 
(M1, …, Mk) and one putative QTL location (x). We first assume that linkage phases are 
known for all individuals. Let H = (H1, H2) denote the haplotypes of two gametes under 
evaluation. The probability of IBD sharing at location x conditional on the observed marker 
data and historical breeding structure can be calculated as (Meuwissen and Goddard, 2001): 
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where φx is the IBD indicator at x with possible values of 1 (IBD) and 0 (non-IBD) and φM = 
(φM1, …, φMk) denotes the indicator vector of IBD sharing status at k markers, B denotes 
historical breeding structure assumptions, P(φx=1,φM|B) is the prior IBD sharing probability 
that can be estimated as described above is equal to 1 or 0 when marker Mi is IBD for the 
gamete pair, and equal to the Hardy-Weinberg frequency when the pair is non-IBD at Mi.  
 
In reality, we will only have unordered marker genotypes; linkage phases or marker haplotypes 
are not observed. One can first estimate the probability of marker haplotype (P(H|M)) using all 
observed marker data (M) (e.g., progeny marker data). With P(H|M), the probability of IBD 
sharing for two gametes conditional on M and B is calculated as:  
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Simulation. The simulation method described above was used to evaluate IBD sharing at the 
base generation, which originated from a founder generation at the beginning of the population 
history and was produced after 10 or 100 generations (T) of within-population random 
selection and mating (i.e., no selection and no admixture). The founder population was in LE, 
and there was no IBD sharing for all founder gamete pairs. Effective population size (Ne) was 
constant across generations, and equal to 100 or 1000 (sex ratio = 1). A chromosome of length 
100 cM was simulated via a Poisson process, and no mutation for the entire chromosome was 
assumed. A total of 100,000 replications were simulated, and 1000 randomly sampled gamete 
pairs were evaluated for each simulated replicate for the three cases C1 (T=10 and N=100), C2 
(T=100 and N=100), and C3 (T=10 and N=1000); 10,000 replications and 10,000 gamete pairs 
per replicate were evaluated for case C4 (T=100 and N=1000). 
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Of all gamete pairs sampled, 55.4, 94.1, 0, and 0.7 % are nonIBD, and 0.016, 0.001, 0.013, and 
0.001% are IBD for the entire chromosome for cases C1, C2, C3, and C4, respectively. On 
average, a randomly sampled gamete pair has 0.97, 0.12, 27.75, and 5.67 IBD intervals for 
cases C1, C2, C3, and C4, respectively. To evaluate the distribution of the length of an IBD or 
nonIBD interval, the focus was on intervals that: a) start in a predefined chromosomal region 
((0, .2) was used in the simulation); b) contain neither end of the chromosome. Total numbers 
of IBD and nonIBD intervals were counted, and length distribution within each group (IBD or 
nonIBD) is shown in Table 1. After 10 generations of random mating, the within-group 
distribution of length of an IBD interval is very similar for a 100- and 1000-member 
population, and differences for that of their nonIBD intervals are also small. Therefore, a 
smaller population (Ne = 100 vs. Ne = 1000) is a better resource for IBD based mapping under 
a random sampling scheme, because a larger proportion of gamete pairs (44.6% vs 5.9%) share 
at least one IBD interval. After 100 generations of random mating, the majority of IBD 
intervals are of short length (< 5 cM) for both values of Ne, but the relative frequencies of 
being <1 cM are 31% higher for Ne = 1000 than for Ne = 100, implying that both populations 
can be used for fine mapping but that a population of Ne = 1000 can achieve somewhat higher 
mapping resolution. However, the majority (83.8%) of nonIBD intervals are <5 cM when Ne = 
100, while only 23% of nonIBD intervals are < 5 cM when Ne = 1000, implying that fine 
mapping in the case of Ne =100 is more complicated, because a gamete pair is more likely to 
have multiple IBD intervals in a region of interest (e.g., 20 cM).  
 
Table 1. Within-group distribution of lengths for an IBD or nonIBD intervalA 

 
Interval 

length (cM) 
IBD frequencyA NonIBD frequencyA 

 C1 C2 C3 C4 C1 C2 C3 C4 
(0, 1) 0.133 0.513 0.135 0.672 0.032 0.308 0.069 0.056 
[1, 5) 0.372 0.420 0.382 0.306 0.112 0.530 0.188 0.174 

[5, 10) 0.228 0.050 0.233 0.017 0.098 0.133 0.152 0.165 
[10, 20) 0.184 0.014 0.174 0.004 0.156 0.028 0.166 0.252 

[20, 99.5) 0.083 0.003 0.076 0.001 0.602 0.001 0.425 0.353 
A intervals, cases of C1, C2, C3, and C4 were defined in the above text 
 
Binary Traits. Nonparametric LA analysis (NPL), which is robust to uncertainty about mode 
of inheritance and incomplete marker data, is a key tool for mapping complex genetic traits. 
Most NPL tests have been developed based on IBD sharing probabilities, by assessing excess 
IBD sharing among affected pedigree members in LA analyses (e.g., Whittemore and Halpern, 
1994).  
 
Described here is a nonparametric test, which evaluates IBD sharing probability of gamete 
pairs estimated using current and historical recombinations as described in [2]. For simplicity, 
consider K independent full-sib families with ki affected full-sibs (i.e., the parents form the 
base generation). For family i, a score function at putative chromosome location x is defined as 
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where (o1,o2), (p1,p2), and (o1,p1) denote a pair of 2 offspring, 2 parental, and 1 offspring and 1 
parental gamete, respectively; ni is total number of gamete pairs from affected sibs in family i 
(ni=k(2k-1)); H denotes a vector of halpotypes of all marker loci from both parents for family i. 
There are totally 10 parental gamete pairs, including 4 pairs of the identical gamete. Incomplete 
marker data can be handled by using H as a latent variable. Simulation method is used to 
evaluate the distribution of this score function under null hypothesis with following steps. The 
first step is to simulate four parental marker haplotypes based on P(Hp|M) (HP denotes parental 
haplotypes), and a large number of samples containing ki sibs to calculate Tix for each sample, 
and to estimate its expectation (E(Tix)) and variance (V(Tix)) under the null hypothesis. The 
second step is to form a test statistic by combining information from all families:  
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and to generate its distribution under the null hypothesis via simulation. The third step is to 
calculate the observed test statistic (Tx) by using observed Tix that is calculated using actual 
data and simulated E(Tix) and V(Tix). The observed Tx is then compared to its distribution 
under the null hypothesis to estimate a p value for putative gene position x. The last step is to 
repeat above steps to estimate a p value curve over chromosome position for Type I error 
estimation and most likely gene location estimation. IBD sharing with respect to either a subset 
of (one or several) or all founder origins can be used dependent on the assumption of single or 
multiple mutations. When there is one affected full sib per family, this nonparametric LA/LD 
test can be viewed as an extension of homozygosity testing. Simulation results will be reported. 
 
Continuous Traits. For LA mapping of QTL, two different parametric groups of methods 
have been used: the expectation method or the variance components approach (Gessler and Xu, 
1996 ; Grignola et al., 1996) and the distribution method (Gessler and Xu, 1996 ; Uimari and 
Hoeschele, 1997 ; Heath, 1997). The method of Meuwissen and Goddard (2000 ; 2001) 
represents an extension of the variance components approach from LA to joint LA/LD 
mapping, which shows substantial benefit for incorporating historical recombinations. The 
Monte Carlo method for estimating IBD probabilities in the base generation of Meuwissen and 
Goddard (2000) was recently implemented by Lund et al. (2001) as an add-on module to the 
program DMU (Jensen and Madsen, 1994), which performs multiple-trait REML estimation of 
variance components. We think it is desirable to implement the variance components approach 
in a Bayesian rather than REML framework.  
 
The distribution method for LA mapping requires specification of the number of QTL alleles in 
a population. Typically, QTL are either assumed to be biallelic, or each base chromosome is 
assumed to carry a unique allele. It does not seem feasible to infer a “best” or “most likely” 
number of QTL alleles from data using LD mapping. The approach of Riquet et al. (1999) 
represents a first extension of the distribution method to joint LA/LD mapping. In general, LD 
is incorporated into a distribution LA method by modeling the joint probability of a base 
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chromosome’s QTL allele and marker haplotype, instead of treating these as independent as in 
LA analysis. Their method, based on Terwilliger’s (1995) ML method, has several significant 
disadvantages: (i) it ignores dependencies between (closely linked) markers, (ii) it ignores the 
fact that some haplotypes share more of their recombinational history than others, (iii) it 
assumes a single ancestral haplotype (biallelic QTL model), (iv) and its inference about QTL 
position does not fully account for the uncertainty associated with the other unknowns, in 
particular the ancestral marker haplotype. We have implemented a Bayesian method for joint 
LD/LA mapping of a biallelic QTL, which overcomes (i) and (iv) above. In this method, the  
joint probability of a base chromosome’s QTL allele and marker haplotype is modeled as the 
marginal probability of the QTL allele times the probability of the marker haplotype 
conditional on the QTL allele, the age of the mutation parameter, QTL position, and ancestral 
marker haplotype, and its expression is virtually identical to that of Service et al. (1999). These 
expressions depend on marker allele and haplotype frequencies, which apply to historical 
generations but are estimated from data on the current population. Relative constancy of these 
frequencies is more likely to hold for a rare disease than for a QTL increasing in frequency 
over time, by chance or due to selection, and hence ways to account for time-dependence and 
stochastic nature of the marker allele haplotype frequencies may need to be investigated. 
Currently, marker haplotypes are assumed known, and the method is being evaluated with 
simulated data on half-sib designs not requiring the inclusion of polygenic effects. 
Incorporation of unknown marker haplotypes and polygenic effects is straightforward but 
computationally expensive and hence not considered in the simulation. The results of the 
simulation study will be presented and compared with Lund et al. (2001).  
 
The above method fully accounts for the uncertainty associated with the ancestral marker 
haplotype. As a first consequence, this method allows inspection of the marginal posterior 
distribution of the ancestral haplotypes, which may indicate the presence of multiple ancestral 
haplotypes (and hence possible inadequacy of the bi-allelic QTL model). Furthermore, with 
this method inference about QTL position may be more robust to the presence of multiple 
ancestral haplotypes than inference with the ML method, when the QTL mutations associated 
with the haplotypes have similar effects (which differ from a “wild-type” effect). To fully 
overcome (ii) and (iii) above, we plan to explore an approach similar to that of Lam et al. 
(2000), who construct an evolutionary tree of disease haplotypes. Ideally, a Bayesian approach 
would fully account for the uncertainty associated with the tree structure, analogous to 
accounting for uncertainty associated with the ancestral haplotype, which now is the root of the 
tree. In the ML approach of Lam et al. (2000), a tree is constructed conditional on the disease 
gene being located in a specific marker interval, and this is done for each marker interval in the 
region being investigated. A full Bayesian analysis must be implemented with a Markov chain 
Monte Carlo algorithm, as summation over the tree space is not feasible. An advantage of the 
tree-building algorithm is that a tree is built by progressively joining clusters of haplotypes, a 
process which can end before all clusters have been joined, thus allowing for multiple trees and 
hence multiple mutations (ancestral origins) or alleles at the QTL. 
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DISCUSSION 
Choices of populations and animals and optimal marker density are important issues for 
designing experiments for fine mapping and LA/LD mapping. Clearly, populations with more 
extensive LD require sparser marker coverage, and can only achieve rougher resolution of QTL 
mapping. Evaluating the magnitude of LD in a population for a whole chromosome or regions 
of interest, especially prior to marker genotyping, will greatly help to answer design questions. 
Most measures of LD for multilocus or a chromosome region available in the literature are 
locus based (Huttley et al., 1999 ; Jorde, 2000) and therefore, not ideal for this purpose. We 
propose to use IBD sharing at the first generation with available DNA to evaluate LD in a 
population and its usefulness. Both the coalescence based method (Meuwissen and Goddard, 
2001) and the simulation method described here can be used for this purpose. Research is still 
needed to determine optimal marker density using IBD sharing probability.  
 
Both Meuwissen and Goddard’s (2000) simulation method and ours as described above can be 
used in estimating prior IBD sharing at multiple loci with a flexible breeding structure. We also 
suggested calculating IBD probability with respect to one or several founder origins to allow a 
single mutation evaluation. More research is needed to evaluate deterministic methods for 
estimation of IBD probabilities based on coalescent theory, which is hard to incorporate a 
flexible history. The approach of Meuwissen and Goddard (2001) relies on approximations, 
which consider only pairs of chromosomes at a time, both in the estimation of IBD 
probabilities for base (the LD component) and descendant chromosomes (the LA component). 
Optimal evaluation of IBD probabilities in the presence of unknown haplotype composition of 
multi-locus genotypes and missing genotype data must still be further investigated. 
 
Most animal populations have several additional generations of pedigree data prior to the first 
generation from which DNA is available. One option is to estimate prior IBD sharing 
probability resulting from historical events occurred before the base generation, and then use a 
genotype sampling schema to estimate IBD sharing probability conditional on historical 
breeding structure assumptions, pedigree and the observed marker data. This approach is very 
desirable, but requires a genotype sampler that works well in complex pedigrees with 
incomplete genotype data at many linked loci. Due to the complexity of animal pedigrees, 
locus number needed for fine mapping, and incompleteness of genotype data, this problem is 
still not completely solved (Fernandez et al., 2002). An alternative approach, as suggested by 
Meuwissen and Goddard (2001), is to compute the prior IBD sharing probability for the first 
generation with marker data conditional on historical breeding structure assumptions and 
pedigree information. The prior IBD sharing probability is then combined with marker 
information to calculate IBD sharing probability as showed in Equation [3]. While this 
approach seems to use much of the available information in many cases and can be 
implemented for real data, it could be biased: it doesn’t distinguish the genotype configurations 
(for the pedigree without marker data) that are inconsistent to the observed progeny marker 
data in later generations. The degree of such bias is correlated to the proportion of inconsistent 
genotype configurations and generally increases as the genetic relationship among pedigree 
members becomes closer. More research is needed to evaluate the size and impact of this bias 
in common animal populations.  
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Current available joint LA/LD mapping methods can be classified into two categories: 
extension from variance components methods developed for linkage studies (Meuwissen and 
Goddard, 2000) and extension from LD mapping methods developed to map monogenic 
genetic disease (Riquet et al., 1999; two methods described above). Modification and 
optimization are still needed to achieve higher mapping efficiency and to handle a larger range 
of actual datasets, and new statistical methods will be developed for joint LA/LD mapping that 
belong to these categories and others. Additional research is needed to incorporate biological 
information into joint LA/LD mapping and to use LD between markers and QTL at the base 
generation for optimal MAS, although Meuwissen and Goddard’s (2000) method can also be 
used for practicing MAS.   
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