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Regression-based methods of model-free linkage analysis offer a valuable
framework for mapping both quantitative and qualitative traits. Begin-
ning with the method proposed by Haseman and Elston,1 these methods
have been widely used in practice because of their simplicity and robust-
ness. Furthermore, the newer methods can utilize full information from
trait values, and they are applicable to any type of pedigree data. With
the availability of the denser markers and appropriate sampling, these
methods give hope that they may play an important role in mapping
complex genetic traits. The information yielded by such an analysis can
guide and facilitate the design and result inference of further association
studies.

1. INTRODUCTION

Model-free linkage methods are commonly used for mapping complex dis-
eases because they do not require the mode of inheritance of the trait under
study to be correctly specified in any detail. Among the various model-free
linkage methods, regression-based methods offer a valuable framework for
both quantitative and qualitative traits. The regression-based linkage anal-
ysis method was first proposed by Haseman and Elston.! The Haseman
and Elston (HE) regression is simple, robust, and therefore widely used in
practice. However, there are some limitations to the original HE regression
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2 Current Topics in Human Genetics

method. One limitation is that the original HE regression may be less power-
ful compared with other full likelihood—based variance component methods
because it does not make full use of all the information available in the trait
values. Another major limitation is that the original HE regression is not
applicable to any type of pedigree data. To overcome these limitations, in
recent years there have been great efforts to extend and enhance the orig-
inal HE method. The newer regression methods can fully utilize the trait
values on multiple types of relative pairs, and hence can play a crucial role
in the linkage analysis of complex traits.

Our discussion of regression-based methods will mostly focus on quan-
titative trait locus (QTL) mapping. The typical regression-based method
is to regress a measure of trait similarity between the members of a rela-
tive pair on a measure of their genetic similarity, which is usually described
by the number of alleles shared identical by descent (IBD) at a genomic
location. The rationale behind this method is that, when a marker is not
linked to a disease locus, the number of marker alleles shared IBD by a
pair of relatives does not depend on the relatives’ trait values; on the other
hand, when the marker is linked to a disease locus, we expect a correla-
tion between the number of alleles shared IBD at the marker locus and the
measure of the relatives’ trait similarity. The regression methods evaluate
this correlation by examining the regression coefficient. From this point of
view, critical for the power and the validity of a regression-based linkage
method is how we calculate the trait similarity measure and the number of
marker alleles shared IBD.

In Sec. 2, we shall discuss the measure of genetic similarity and the
number of alleles shared IBD. We focus on possible pitfalls in the IBD
calculation, which may result in deleterious effects for all model-free-based
linkage methods. In Sec. 3, we initially focus on independent sib pairs and
quantitative traits, and discuss the various regression-based methods based
on different definitions of the trait similarity measure in this setup. In Sec. 4,
we further introduce regression-based methods recently developed to deal
with any family structure. Lastly, we briefly cover regression-based methods
for affected sib pairs (ASPs) that incorporate covariates.

2. THE NUMBER (PROPORTION) OF ALLELES
SHARED IBD

The various regression-based linkage methods nowadays depend on the cru-
cial concept of the number of alleles shared identical by descent (IBD),
although the original model-free linkage method was based on marker
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Regression-based Linkage Analysis Methods 3

identity in state, the marker similarity between two relatives being based
solely on their similarity with respect to marker phenotype. The number
of alleles shared IBD is defined as the number of alleles at a given locus
on a particular pair of chromosomes that two relatives inherit from a com-
mon ancestor. Because methods based on IBD are more powerful, we shall
not consider methods based on marker identity in state, although the two
measures of marker similarity approach each other as a marker becomes
more polymorphic. Because the estimation of the IBD probability is often
separable from the actual regression, the usual regression-based linkage
method can be looked upon as a two-stage procedure: (1) the IBD probabil-
ities are calculated; and (2) the regression model is constructed. Obviously,
how well we estimate the IBD probabilities at the first stage is directly
related to the validity and power of a regression model at the second stage.

The estimation of IBD sharing between two members of a pedigree is
based on all of the observed marker genotypic information. Early regression-
based methods only used samples of full sibs. If parents are also typed for
a codominant marker, or if the parental marker genotypes can be deduced,
it is possible to count the number of alleles a sib pair shares IBD. The early
methods eliminated those pairs for which it was not possible to actually
count the number of alleles shared IBD, and this approach could lead to
bias when the marker is not highly informative. Haseman and Elston® pro-
posed estimating IBD probabilities at a marker locus by utilizing the marker
information available for the sibs and their available parents. The IBD prob-
abilities for other relative pairs can also be accommodated.? Kruglyak and
colleagues® as well as Kruglyak and Lander? proposed using an algorithm
(the Lander—Green algorithm) to calculate the IBD allele-sharing probabil-
ities in a multipoint fashion. The amount of computation in their algorithm
increases linearly with the number of markers, and exponentially with the
size of the family. For large pedigrees, Sobel and Lange® implemented a
Markov chain Monte Carlo (MCMC) method and, with the assumption of
no interference, Fulker and colleagues® proposed a fast regression method to
obtain approximate multipoint estimates of the proportion of alleles shared
IBD by full sibs at any location, based on the estimates at the locations
for which marker information is available. This regression method was used
by Almasy and Blangero” when they implemented a full pedigree variance
component likelihood model based on the assumption of trait multivariate
normality across pedigree members.

Generally, the informativity of a marker for estimating IBD sharing
depends on its degree of polymorphism. For a highly informative marker,
the founders of a pedigree have unique alleles and therefore the number of
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4 Current Topics in Human Genetics

alleles shared IBD can be unambiguously determined. However, the number
of alleles for a marker used in practice is limited, with the result that the
number of alleles shared IBD often cannot be specified unambiguously. To
describe the degree of polymorphism, two measures are commonly used in
practice. One is the marker heterozygosity, which is defined by

Hzl_zp127

where p; is the population frequency of the i allele. From this definition,
we can see that heterozygosity is simply the probability that a random
individual is heterozygous at a locus in a population with Hardy-Weinberg
equilibrium. The other measure is the polymorphism information content
(PIC) value.® The PIC value was first derived for a rare dominant disease

and it is defined as
PIC =1 pr? fQZprp?.
i j>i

To measure a marker’s informativity for a model-free linkage analysis
via pairs of relatives, Guo and Elston® developed a third measure, the
linkage information content (LIC). The LIC values measure the probability
of being able to determine IBD proportions for each particular type of
relative pair.

When the number of alleles shared IBD between members of a relative
pair in a pedigree cannot be specified unambiguously, conventionally in a
regression-based method we describe the genetic similarity by the estimated
proportion of alleles shared IBD in place of the exact proportion of alleles
shared. For a sib pair, the proportion of alleles shared IBD — = (which
in reality can take on only the values 0, %, or 1) — is taken to be & =
fg + % fl, where f2 and fl are the estimated probabilities of sharing two
and one alleles IBD, respectively, given all of the marker data available.
Let f; be the prior probability that a relative pair shares, by virtue of
degree of relationship alone, i alleles IBD. By Bayes’ theorem, the estimated
probability given the available marker information I, is simply

£ sz(Im”)

" P(In)

When the marker is completely uninformative, we can see that the esti-
mated IBD probabilities are actually the IBD probabilities under the null
hypothesis and 7 is 7, by which we denote the proportion of alleles shared
IBD when there is no linkage. This approach has been criticized in the
literature because it can lead to loss of power. For example, Schork and
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Greenwood!® pointed out that the estimate of the number of alleles IBD
after imputation is biased toward the null and therefore the power can
potentially be reduced by less informative markers. To avoid/alleviate this
loss of power, some authors have proposed to weight relative pairs according
to the informativity of the number of alleles shared IBD.!°712 Although
weighting approaches to alleviate the loss of power are possible, care should
be taken when any such approach is used in practice because the missing
mechanism of IBD sharing is not always at random, e.g. when parents are
not observed. In this case, the weighting or deleting approach can lead to
a worse outcome as it will result in an invalid or conservative statistic. We
do not recommend blindly weighting each pair according to the estimated
IBD sharing in practice, because the risk is too large compared with the
limited possible gain.

Typically, regression-based linkage methods use the estimated IBD pro-
portion, i.e. 7, to summarize the marker similarity between relatives in a
pair. Kruglyak and Lander* extended the HE method to use the full esti-
mated distribution of 0, 1, or 2 alleles being shared IBD. They argued that
the proportion of IBD sharing does not fully utilize the information pro-
vided by the whole IBD distribution. Their simulation showed that their
modified HE test has better behavior in the presence of uninformative fam-
ilies. The approximation involved in the use of the mean proportion of
alleles shared IBD instead of the full distribution has also been tested by
Gessler and Xu.'® They explicitly make the distinction between the distri-
bution approach and the expectation approach, but they found that there

1'* performed

is little difference between them in terms of power. Cordel
simulations to investigate the test statistics of HE and variance component
methods. She found that the expectation approach suffers in both precision
and power when the squared difference is the dependent variable in HE
regression. However, the simulation parameters in her study were rather
extreme because there was no sibling resemblance other than that due to a
single QTL, and this QTL explained more than 90% of the trait variance.

As pointed out by Cordell,'"* the best way to minimize the ambigu-
ity of allele transmission when it is difficult to recruit a full sample is to
use as densely spaced markers as possible. With the recent availability of
a dense map of single nucleotide polymorphism (SNP) markers that can
be genotyped automatically, economically, and more accurately, there is
great hope that these can be used to improve the current linkage approach
to finding genes. However, currently most multipoint linkage programs
assume linkage equilibrium among the markers. Whereas this assumption

CURRENT TOPICS IN HUMAN GENETICS - Studies in Complex Diseases
© World Scientific Publishing Co. Pte. Ltd.
http://www.worldscibooks.com/lifesci/6351.html
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may be appropriate for sparsely spaced markers with intermarker distances
exceeding a few centimorgans, for densely spaced SNP markers linkage dis-
equilibrium (LD) may exist and, if not appropriately allowed for, may lead
to bias in the calculation of the probabilities of IBD sharing when pedi-
grees have missing founder information. It has been shown that when some
or all of the parental genotypes are missing, assuming linkage equilibrium
among markers when strong LD exists can cause false-positive evidence
from ASP data. Because this bias would not affect the correlation between
the proportion of IBD sharing and trait similarity measures, the validity
of regression-based linkage analysis for a quantitative trait could be robust
to this bias, but nevertheless its power may be affected. A simple way to
correct this bias at the stage of IBD calculation is to organize the SNPs
into nonoverlapping clusters in such a way that one can assume no LD
between markers in different clusters and no recombination within each
cluster.!®

Another bias in the calculation of the probabilities of IBD sharing,
which may be more important in the case of regression-based methods for
quantitative trait analysis, is related to population stratification. Although
the confounding effect of population stratification on a genetic associa-
tion study has long been recognized, regression-based linkage methods, like
all other model-free linkage analysis methods, are usually thought to be
robust to population stratification because the estimation of the probabil-
ities of alleles shared IBD does not depend on the population frequencies
of the marker alleles when founder marker genotypes are observed or are
deducible. Unfortunately, it is not unusual for founders to be missing in
the case of late-onset complex diseases. In this case, the distribution of
the estimated IBD sharing may no longer be independent of the marker
allele frequencies and, therefore, all linkage studies can be potentially biased
by population stratification.'® For an affected sib-pair design, it has been
shown that, when some or all of the founder genotypes are missing, het-
erogeneity of allele frequencies among the subpopulations can cause excess
false-positive discoveries — even when the trait distribution is homogeneous
among the subpopulations. After incorporating a control group of discor-
dant sib pairs, or in the case of a quantitative trait, two conditions must
be met for population stratification to be a confounder in linkage analysis:
the distributions of both the marker and the trait must be heterogeneous
among the subpopulations. When this occurs, the bias can result in a test
that is either liberal (and hence invalid) or conservative. An obvious way
to avoid such deleterious effects from population stratification is to include
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Regression-based Linkage Analysis Methods 7

as many founders or other family members as possible to reduce the uncer-
tainty about founder marker information.

3. VARIOUS REGRESSION-BASED METHODS WITH
DIFFERENT TRAIT SIMILARITY MEASURES

The regression-based linkage analysis method and the maximum likelihood—
based variance component methods are two commonly used approaches
for the analysis of quantitative traits. The initial regression-based linkage
method is the original HE regression! for independent full-sib pairs, which
has been shown to be robust to selected samples and the distribution of
trait values, although it was derived under the assumption of randomly
sampled sib pairs and on a squared sib-pair trait difference that is normally
distributed. On the other hand, maximum likelihood variance component
analysis can be less robust to selected sampling and to nonnormality of
the trait values, although it can be more powerful than the original HE
regression. Recently, various regression-based methods have been developed
with the aim of extending them to any type of family data and improving
their power while retaining robustness.

3.1. The Original Haseman—Elston Regression

The Haseman—Elston method, as originally proposed by Haseman and
Elston,! makes use of the squared trait difference between the two sibs
in a pair as the measure of trait similarity (in this case, a measure of trait
dissimilarity). Let X, the value of a trait, be composed of an overall mean ,
the major genetic effect of a quantitative trait locus (QTL) g, and an inde-
pendent random effect e. Let ¥V; = (X1; — ng)2, where X1; and Xy, are
the two trait values for the jth full-sib pair. Let m;; denote the proportion
of alleles that the jth full-sib pair shares IBD at the trait locus. With the
assumption of no dominant effect, it can be shown that

E(Yj|m;) = (07 + 207) — 205m;,

2
g

Let m,; denote the proportion of alleles the jth full-sib pair shares IBD

where o2 is the variance of the QTL and o2 is the random effect variance.
at a marker locus, and fmij be the estimated probability that the jth full-
sib pair shares ¢ alleles IBD (i = 0, 1, or 2) at the marker locus, conditional
on the marker information available on the sib pair and their relatives.
The estimate of the proportion of alleles shared IBD at the marker locus is
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8 Current Topics in Human Genetics

Tmj = fmgj +0.5 fmlj. Assuming linkage equilibrium between the marker
and trait loci, it follows that
E(Yj|#m;) = Y Y E(Y (i) P(mijl7ms) P (T )
Ttj Tmgj
Then, it can be shown, letting € be the recombination fraction between the
trait and marker loci, that
E(Y|fm;) = 02 +2(1 — 20 4 26%)027] — 2(1 — 20)°0 7,5
This can be simply written in the form

Therefore, the hypothesis of no linkage can be tested by a one-sided
t-test. Because the regression t-test is derived assuming the residuals of
the regression equation are normally distributed, there have been concerns
about violation of this statistical assumption. However, it has been shown
that the type I error rate is quite robust to deviations from normality for
reasonably sized samples. In other words, the regression coefficient, being a
weighted average, tends to be normally distributed by reason of the central
limit theorem. Wan and colleagues!” proposed a permutation procedure to
evaluate the P-value of the original HE method. The permutation procedure
keeps the 7,,; in the original order, and randomly permutes the values of
Y among sib pairs. For a large number of sib pairs, they showed that the
permutation variance of the regression slope and the variance estimated by
least squares are equal under the null hypothesis. Simulations showed that
the conventional ¢-test approximates the permutation test quite well. These
results indirectly addressed concerns about the assumption violation of the
conventional t-test.

Due to its robustness and simplicity, the original Haseman-Elston
regression has been widely extended to various situations. Amos and
colleagues? proposed a multivariate extension for the original Haseman—
Elston method. Tiwari and Elston'® extended the original HE procedure to
two unlinked quantitative trait loci (QTLs) that might interact epistatically.
Hanson and colleagues'® indicated how the original HE test can be readily
extended to accommodate parent-of-origin effects, by estimating separate
0 coefficients according to the parental source of the allele sharing.

3.2. New Regression-based Methods

Compared to the full likelihood—based variance component methods, the
original Haseman—Elston regression is less powerful when normality of the
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Regression-based Linkage Analysis Methods 9

trait is approximately correct. This problem raised the question of how
to improve the power of regression-based linkage analysis methods, and
invoked a series of papers to make use of a more informative measure of trait
similarity. Different trait similarity measures are summarized in Table 1 and
are implemented in the software package Statistical Analysis for Genetic
Epidemiology (S.A.G.E).2°

Wright?! initially indicated that using only the squared difference of a
pair of trait values as the trait similarity measure may result in loss of some
information for linkage, although this had also been noted by Gaines and
Elston?? in another context. He pointed out that the full likelihood func-
tion for a sib pair can be written in terms of both a sum and a difference.
Under the bivariate normal assumption, he demonstrated that a nontrivial
amount of power can be gained when the sum of the pair of trait values
is also included. Responding to Wright,?! Drigalenko?? first proposed an
extension of the HE method that uses both the sib-pair trait sum and dif-
ference as dependent variables. Because the squared pair sum of the trait
values (taken with opposite sign) results in a regression line that is parallel
to that for the squared pair difference, he suggested estimating the slope
by simply averaging the estimates from the two regressions of the squared
sum and difference, which is the best estimate under the assumption that
the residuals have the same variance for both the squared sum and squared
difference. He also showed that such a combination is equivalent to per-
forming a single regression using the pair-trait product. Based on the same

Table 1 Definitions of the Dependent Variable for Various Forms of
Haseman—Elston Regression

Keyword Acronym Dependent Variable Option in S.A.G.E.
Original oHE - % (X1j — X25)? diff
Revisited rHE (X15 — X)(X25 — X) prod
Weighted?® wHE %[(1 —w)(X1j + Xoj —2X)?  W2-W4
—w(X1; — X25)%]
Sibship sample smHE (X15 — X5)(X25 — X5) sibship_mean = yes
mean

Shrinkage mean pmHE (X15 — i5)( X245 — i) —

X: overall mean; Yj: sibship mean; fi;: shrinkage mean; w: weight.

2Various slightly different weighting options are available in S.A.G.E.; W4, which is
asymptotically optimal and adjusts for all the nonindependence of full-sib-pair squared
sums and differences in larger sibships, is the one used for simulation here.
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10 Current Topics in Human Genetics

idea, the overall mean—centered cross-product of sib-pair traits was adopted
as the trait similarity measure in the revisited HE method.?*

Although the revisited method was presumed to be more powerful than
the original HE method, Palmer and colleagues®® showed with an interesting
simulation result that the empirical power of the revisited method could
be substantially lower than that of the original method when there are
strong familial polygenic or environmental correlations. Their simulation
result motivated further work by several groups. It is easy to show that the
assumption of the same residual variance for the squared sum and difference
cannot be attained, and therefore they are not equally informative when
there are familial polygenic or environmental correlations. So, the overall
mean—corrected cross-product — which weights equally (but with opposite
sign) the two slope estimates, i.e. that from the squared difference and that
from sum — is not optimal.

Several groups proposed weighting the two slope estimates inversely
according to the variances of the squared sum and the squared difference.
Let the estimator of the slope from the squared difference be — Bl, and that
of the slope from the squared sum be 35. Xu and colleagues?® considered a
class of estimators for 8 of the form w3, + (1- U))BQ, where w is a given
weight. Let 612 be the estimated covariance of —Bl and [y, and 617 and
022 be the estimated variances of —Bl and (2. Then, for a large sample
size, the estimator 8 with weight w = (692 — 611)/(622 + 611 — 612) has the
smallest variance among all linear combinations of —Bl and (5. Visscher
and Hopper?” proposed a similar method, which also weights the slope
estimates based on the variance estimates separately from the regression
models. The method of Forrest?® simultaneously calculates the estimates
of the two intercepts and the single slope as well as the two variances,
using least squares iteratively. Shete and colleagues®® further proposed a
weighting method for larger sibships, allowing for the correlation between
pairs within a sibship. Instead of weighting the slope estimates based on
the empirical variances from the regression model, the approach of Sham
and Purcell®® used variance estimates that they derived as a function of the
population trait-pair covariance. They also showed that this method can
be used for the selection of maximally informative sib pairs.

Recognizing the loss of power that can result from using the overall
sample mean—corrected cross-product as the trait similarity measure, due
to the existence of the correlation arising from sibship-specific effects such as
common environmental and polygenic effects, investigators proposed using
a sibship-specific mean correction to absorb this correlation. Wang and
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Regression-based Linkage Analysis Methods 11

colleagues,®' in particular, proposed the use of a trait product centered by
the family-specific sample mean rather than by the whole sample mean.
Their simulations showed that centering the trait by the family-specific
sample mean results in more power than centering the trait by the whole
sample mean when the size of sibship is large and there are family-specific
phenotype effects (common environmental and additional QTL effects).

A shrinkage sibship mean—corrected cross-product was also proposed as
the trait similarity measure to further improve power.3233 It was shown
that the shrinkage sibship mean is actually a weighted average of the over-
all sample mean and the sibship sample mean, where the weights depend on
the variance within and among sibships. When neither the variance within
nor among sibships dominates, the shrinkage mean is a combination of both
estimators; when the variance among sibships dominates, this trait similar-
ity measure is equivalent to the squared difference used in the original HE
regression; and when the variance within sibships dominates, i.e. there is
no common environmental or polygenic effect and the QTL effect is not
too strong, this trait similarity measure is equivalent to the overall sample
mean—corrected cross-product. Simulation results showed that the empiri-
cal power of the shrinkage mean—corrected cross-product and the weighted
squared sum and difference are similar in most situations.

Another extension of HE regression is the “reversed” method. Sham and
colleagues®* noticed that the regression coefficients would be biased when
sampling is through the dependent variable. Because it is common to sam-
ple subjects according to their trait values, they proposed to avoid biased
estimators of the regression coefficient by a regression method that uses
the proportion of IBD sharing as the dependent variable and the squared
sum and squared difference as independent (predictor) variables. However,
in the absence of bivariate normality, there may exist collinearity between
the squared sums and differences for pairs within a sibship. To remove this
collinearity, they arbitrarily trim the squared differences in such a way that
each individual is represented at least once. An alternative is to use both
the squares and the cross-products as independent (predictor) variables.
This is equivalent to the use of the squared sum and difference, but is
more conveniently extended to multivariate phenotypes. When the aim is
to test for linkage, Schaid and colleagues®® pointed out that, for the calcu-
lation of an LOD score, how the Y value (the transformed trait values in
a regression model) is computed from the traits is critical, but whether it
is on the left-hand side or right-hand side of the regression equation is not
important if there are no other covariates in the regression model. In another
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12 Current Topics in Human Genetics

context, Gray-McGuire and colleagues3% noted that, in the presence of other
covariates, reversal of the regression equation will, in general, affect the test
of significance. More extensive simulations are still needed to examine this
“reversed” method.

3.3. Regression-based Linkage Methods for Any Type
of Pedigree Structure

The maximum likelihood-based variance component approach, which is
based on an assumption about the distribution of trait values across pedi-
gree members, utilizes the whole information from a pedigree in a relatively
simple manner. However, the original HE method is based on the assump-
tion of independent full-sib pairs only. In linkage analysis, large sibships
and other types of family structures are also often included. It is desirable
to extend the original HE to those cases.

For sibships of size larger than two, Blackwelder3” showed that the corre-
lation between pairs of squared sib-pair differences with no sib in common is
0, and that it usually lies between % and % when there is one sib in common.
Assuming multivariate normality of the sibs’ trait values, this correlation is
1.38 Single and Finch3® showed that, when sibships of size larger than two
are analyzed, a generalized least squares regression can improve the power
of the original HE method by allowing for the correlations between the pairs
of squared sib-pair trait differences. In the revisited HE method,?* the same
approach was adopted. The correlation matrix Wof the dependent variable
is not an identity matrix, but rather is block diagonal in form with each
diagonal block being a matrix W,, where p is the correlation between two
sib pairs that have one sib in common. Furthermore, it has also been shown
that, for a given correlation p and sibship size s, the inverse of the corre-
lation matrix can be obtained algebraically, so a generalized least squares
estimate can be computed quickly. Shete and colleagues®® adopted this idea
to obtain an optimally weighted HE method.

Amos and Elston?® extended the original HE method to any type of
noninbred relative pair. Let X, the value of a trait measured on the jth
noninbred individual, be composed of an overall mean u, a major genetic
effect g, and an independently distributed random effect e, with zero mean
and variance o2. Let m;; denote the proportion of IBD sharing at the
trait locus by the jth relative pair, and 7,,; denote the proportion of IBD
sharing at the marker locus. For unilineal relative pairs, we estimate m,,; by
Tm; = 0.5 fml j, where fmlj is the estimated probability that the jth relative
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Regression-based Linkage Analysis Methods 13

pair shares one allele IBD. Let Y; = (X;; — X5;)?. Following the same rea-
soning as for full-sib pairs, it can be shown that for unilineal relative pairs,

E(Y;|I) = a1 + B17tm;-

The coefficients of these regressions for each type of unilineal relative pair
are given in Table 2. Note that the coefficient f; is negative in each case if
0 < 0.5 and o2 > 0.

Although regression coefficients of various types of relative pairs were
derived as early as 1989, an optimal test that combines the information
obtained from the various types of relative pairs was not well developed
for some time. One of the obvious problems is the dependence among the
test statistics derived from the various types of relative pairs. Schaid and
colleagues*! extended the original HE to combine the information from full
sibs and half sibs into a single test for linkage. The method estimates the
common regression coefficient for full-sib and half-sib pairs, allowing the
intercepts and residual variances to differ for full-sib and half-sib pairs.
Assuming a multivariate normal distribution, the nondiagonal elements of
the variance—covariance matrix, V', was classified into one of six categories,
each one being approximated by a function of the variance of the squared
difference of full-sib pairs, V(Yr). A simulation study demonstrated that
this approach worked well in many situations, but there are some conditions
where the statistic can have a slightly inflated type I error rate.

In linkage analysis, correlated traits of relative pairs in a pedigree form
a cluster of correlated observations. In theory, it should be appropriate
to use the generalized estimating equation (GEE)*? methodology for this
situation. Olson and Wijsman? first considered a HE method to combine
various types of relative pairs using GEE. In their paper, the methodology

Table 2 Coefficients of the Regression of Squared Pair Difference on the
Proportion of Alleles Shared IBD for Various Relative Pairs

Relative
Type o1 B1
Grandchild o2 + 20'3 + 052 —20(1 — 20) 02
Half sib 02 +202 —20(1—0)02 —20(1 — 26) o2
5
Avuncular o2 4 202 — (59 — 462% + 203) o2 —20(1 —20) (1 — 0) o2

4 5 2 4
First cousin o2 + 202 — (ge — 592 +203 — §G4> o2 —260(1 —26) (1 - 59 + 292) a?
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of GEE was used to provide an estimate of the robust covariance matrix of
the set of estimated relative-pair-type—specific regression coefficients. Using
this covariance matrix, the asymptotically most powerful test of linkage
that optimally combined the information contained in the different types
of relative pairs was constructed.

Let W be the set {s,g,h,a,c} of subscripts denoting the relative-pair
types: (full) sibling, grandparent—grandchild, half sib, avuncular, and first
cousin, respectively. Letting Z;;, be the squared difference for relative pair
¢ in family k, then

E(Zir) = pir = o + BuTik,

where a,, and (3, are parameters that need to be estimated, and 7;; is
the estimated proportion of IBD sharing. Let A = (a, Bs, . . ., e, Be)T. An
estimate of \, \, may be obtained by solving the GEE. Note that A\, con-
ditional on 7, is consistent and asymptotically normal with a covariance
matrix that may be consistently estimated by the robust sandwich esti-
mator. These asymptotic properties hold even if the form of the working
covariance matrix is misspecified.

Olson and Wijsman®® discussed possible working covariance matri-
ces, including the independent covariance matrix and a partially specified
matrix, and pointed out that some efficiency may be gained by modeling the
correlations between relative pairs more precisely. Chen and colleagues®*
described a more general framework for general pedigrees using GEE. In
particular, they showed that the Haseman—Elston methods, the variance
component model, and some score tests are all closely related in that the
different choices of the working covariance matrix lead to the different meth-
ods. Wang and Elston?® developed a two-level HE for quantitative trait
linkage analysis and general pedigrees under the framework of multiple-
level regression. They adopted an iterative generalized least squares (IGLS)
algorithm to tractably handle variance—covariance structures varying across
families. They showed that the two-level HE can compete favorably with
any current version of HE in that it can naturally make use of all the
information available in any general pedigree, simultaneously incorporat-
ing individual-level and pedigree-level effects and feasibly modeling various
complex genetic effects.

4. DISCUSSION

In the literature on QTL mapping, three approaches — regression-based
methods, variance component methods, and the newly developed score
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statistics — are often used. Although each approach has its own advan-
tages and disadvantages and is usually viewed separately, it is worth noting
that they are closely related in large samples because of the similarity of
the underlying trait model.

Based on a general trait model, Putter and colleagues?® derived a score
test for the proportion of the total phenotypic variance due to the quan-
titative trait locus in a variance component model and showed that, for
sib pairs, it is mathematically equivalent to the HE method that optimally
combines the squared sum and the squared difference of the centered phe-
notype values of the sib pairs. Because score tests and likelihood-ratio tests
are equivalent for large sample sizes, the variance component likelihood-
ratio test is also asymptotically equivalent to this optimal HE test. Their
results gave a theoretical explanation of the empirical observations found
in simulation studies reporting similar power of the variance component
likelihood-ratio test and the optimal HE method.

Based on a trait model in which the trait value is generated by a family-
specific effect, a QTL, and a random effect, Tritchler and colleagues*” pro-
posed a score test for genetic linkage in nuclear families that applies to any
trait having a distribution belonging to the exponential family. They also
showed that the score test is closely related to HE methods. For sib pairs,
their score test is proportional to the regression estimate of § in the model
mi—1 = B(X;1—fi;)(Xi2—f1;)+€;. The HE regression tests are obtained from
the above regression by interchanging the response variable and the predic-
tor variable and adding an intercept: (X;1 —fi;)(Xi2—fi;) = a+5(m;—1)+¢;.
Different estimates of fi; yield different HE test statistics. For example, this
test is the original HE regression if ji; is estimated by the sample mean of
a sib pair; while it is the revisited HE regression if fi; is estimated by the
overall mean.

Chen and colleagues** viewed various methods for QTL mapping from
the framework of GEE, and different choices of the working matrix lead
to the different methods. Although there is a close relationship among the
various linkage test statistics for a large sample, the question of which
method should be used for a given data set is difficult to answer. The recent
computer simulation results from Cuenco and colleagues,*® Szatkiewicz and
colleagues,*® and Chen and colleagues® provide some comparison of the
performance of the various new methods in terms of power and the type I
error rates.

Here, we have only focused on using the regression framework to detect
linkage for a quantitative trait. In the linkage literature, a regression method
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is also used in affected sib-pair (ASP) designs to incorporate covariates.
Common complex diseases are likely to be genetically heterogeneous, with
different genetic and environmental factors contributing to the disease.’!
It is critical to take account of heterogeneity in a linkage analysis. The
regression-based methods can be used to deal with heterogeneity in ASP
linkage analysis by allowing the IBD sharing probabilities for an ASP to
depend on covariate information. For example, Olson®? showed that the
ASP LOD score can be reparameterized in terms of the natural logarithms
of relationship-specific relative recurrence risks. The method incorporates
locus heterogeneity by allowing the genetic relative risk to be conditional
on indicators of heterogeneity, so that the allele sharing at the marker locus
differs for different values of the indicators. The original model of Olson®?
required two additional parameters for each covariate, and therefore may
not be optimal in terms of power. To reduce the number of regression
parameters, different approaches have been proposed. Currently, the LOD-
PAL software in S.A.G.E. constrains the relative risks in a manner that
reduces both the number of parameters in the basic model and the number
of additional parameters for each heterogeneity indicator.??

We have discussed many features related to regression-based linkage
methods. The power of a regression-based method depends on how we mea-
sure the marker similarity and the trait similarity between two relatives
in a pair. The regression-based statistics, score test statistics, and vari-
ance component statistics are related because they all test for a nonzero
QTL variance component. In a general sense, they are all in fact variance
component methods, although the usual variance component method is to
use a maximum likelihood-ratio test to examine the QTL variance, which
is based on the critical assumption of multivariate normality for pedigree
data. Apart from being robust to nonnormality, regression-based methods
also include the advantage of rapid computation, which makes it feasible to
evaluate p-values empirically. The regression framework also offers flexibility
to model environmental effects as well as gene—gene and gene—environment
interactions.
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