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Family-based association studies

Hongyu Zhao Yale University School of Medicine, New Haven, Connecticut, USA

Over the past decade, attention has turned from positional cloning of Mendelian disease genes to the
dissection of complex diseases. Both theoretical and empirical studies have shown that traditional linkage
studies may be inferior in power compared to studies that directly utilize allele status. Case-control
association studies, as an alternative, are subject to bias due to population stratification. As a compromise
between linkage studies and case-control studies, family-based association designs have received great
attention recently due to their potentially higher power to identify complex disease genes and their
robustness in the presence of population substructure. In this review, we first describe the basic family-
based association design involving one affected offspring with its two parents, all genotyped for a biallelic
genetic marker. Extensions of the original transmission disequilibrium tests to multiallelic markers,
families with multiple siblings, families with incomplete parental genotypes, and general pedigree
structures are discussed. Further developments of statistical methods to study quantitative traits, to
analyse genes on the X chromosome, to incorporate multiple tightly linked markers, to identify
imprinting genes, and to detect gene-environment interactions are also reviewed. Finally, we discuss the
implications of the completion of the Human Genome Project and the identification of hundreds of
thousands of genetic polymorphisms on employing family-based association designs to search for complex
disease genes.

1 Introduction

The Human Genome Project has generated a large volume of genetic markers that can
be used to map genes of complex traits. In the most recent genetic maps constructed
from the CEPH pedigrees,’ Broman et al. mapped more than 8000 short tandem repeat
polymorphisms.” In recent years it has been realized that single nucleotide
polymorphisms (SNPs) have great potential in mapping complex disease genes.’ In
the most recent release by the SNP consortium on 21 August 2000 at their website
http://snp.cshl.org, there are mapped 296 990 SNPs. With the influx of these genetic
markers at hand, one important issue is how to fully utilize such abundant inform-
ation to most efficiently identify disease genes.

Genetic linkage studies are usually accomplished by collecting pedigrees with
affected individuals and excess allele sharing among affected individuals is sought for
some markers. Although this approach has been used successfully to map simple
Mendelian diseases, it has not yielded consistent evidence for mapping complex
disease genes. Over the last decade, attention has turned from positional cloning of
Mendelian disease genes to the dissection of complex diseases. Theoretical studies®
have shown that linkage methods that utilize allele-sharing among affected relatives,
e.g. the affected sib-pair method, may be inferior in power compared to studies that
directly utilize allele status if dense polymorphic markers are available. These

Address for correspondence: Hongyu Zhao, Department of Epidemiology and Public Health, Yale University School of
Medicine, New Haven, CT 06520, USA. E-mail: hongyu.zhao@yale.edu

© Arnold 2000 0962-2802(00)SM231RA



564 H Zhao

theoretical studies have been confirmed in practice. For example, evidence from
conventional linkage studies for the involvement of the insulin gene region in insulin-
dependent diabetes mellitus lagged behind that from association studies.*

One major limitation of the case-control design is that control individuals may not
be well matched to cases. A positive association can occur for three different reasons:
(1) the allele itself is a cause of the disease; (2) the allele is in linkage disequilibrium
with a susceptible allele at the disease gene; and (3) population subdivision and
admixture may lead to disease association even in the absence of linkage. One well-
known example is the immunoglobulin gene Gm for non-insulin-dependent-diabetes
mellitus.” Among residents of the Gila River Indian Community in Arizona, diabetes
was associated with the haplotype Gm. However, this association no longer exists
among ethnically homogeneous subjects. The confounding by population stratification
occurred because the Gm haplotype serves as a marker for Caucasian heritage, and the
risk of diabetes varies with the level of this ancestry. Population genetics studies have
shown that allele frequency at some loci can vary considerably among populations
contributing to the US white population.®

Family-based association designs offer a compromise between traditional linkage
studies and case-control association studies. All methods proposed in the literature
have the common feature of comparing alleles transmitted from the parents to alleles
not transmitted to the affected offspring or alleles transmitted to the unaffected
offspring. Recent years have seen rapid developments in statistical methods using the
family-based association designs to infer allelic association and linkage with a
particular allele. These developments were partly motivated by the observations made
by Risch and Merikangas® that linkage analysis is likely to succeed only for loci with
relative risks in the range of four or larger but not for loci with relative risks two or
less. Assuming a multiplicative model, they showed that even if one needs to test 10°
polymorphic markers and allows for a conservative significance level of 5 x 107, genes
with effects as low as 1.5 could be readily detected in realistic sized samples of families
using the TDT.

In this review, we first describe the basic family-based association design with one
affected offspring and its two parents, all genotyped at one biallelic genetic marker. In
the context of mapping genes for qualitative traits, we cover extensions of the basic
transmission disequilibrium tests to multiallelic markers, families with multiple
siblings, families without parents, families with only one parent, and general
pedigrees. We then summarize parallel developments of statistical methods to map
quantitative trait loci. Methods to detect genes on the X chromosome, to use multiple
tightly linked markers, to identify genes with parent-of-origin effects, and to detect
gene-environment interactions are also reviewed. We conclude this review by
comparing the efficiency of different study designs and pointing to directions for
future research. Because family-based association study is such an active area of
research, although we have made an effort to cover all relevant topics, there is no
doubt that some contributions may be missed in this review due to our inability to
collect all relevant literature.
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2 Qualitative traits

2.1 The simplest design: one affected child with two parents, all genotyped at one
biallelic marker
Consider a biallelic marker with two alleles M and m. Genotypes for a biallelic marker
are collected on the parents and their affected offspring. Genotypes from each family
trio allow us to determine which of the maternal and paternal alleles are transmitted to
the affected offspring and which alleles are not transmitted. Take the two marker
alleles transmitted to an affected offspring to form a case genotype and the non-
transmitted alleles to form a control genotype. Rubinstein et al.’” and Falk and
Rubinstein® proposed to examine whether allele M is present for each case genotype
and its corresponding control genotype. The data can be summarized in Table 1. We
adopt the notation in the literature’ ! to denote the entries in this section and this
part of exposition follows closely the discussion by Schaid and Sommer.'°

The data in Table 1 can be analysed using a matched analysis® through the matched
genotype relative risk (MGRR) statistic:

(B-C)
B+C

When the cases and controls are analysed as an unmatched design, the data can be
summarized in a different form (Table 2). Note that the entries in Table 1 and Table 2
with the same notation correspond to the same observed statistic. Falk and
Rubinstein® proposed the genotype-based haplotype relative risk (GHRR) statistic to
analyse the data in Table 2:

MGRR =

2n(W —Y)?
W+Y)X+Z)
(B-C)’
(24+B+C)(B + C+2D)/2n

GHRR =

Table 1 Table for the matched analysis of transmitted and nontransmitted genotypes

Control
Case M present M absent Total
M present A B W=A+B
M absent C D X=C+D
Total Y=A+C /=B+D N

Table 2 Table for the unmatched analysis of transmitted and nontransmitted genotypes

M present M absent Total
Case W X n
Control Y z n

Total W+Y X+Z 2n
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The difference between the matched analysis MGRR and the unmatched analysis
GHRR is the estimate of the variance of B-C. Define the relative risk (RR) as
P(affected | presence of allele M)/P(affected | absence of allele M). The value of RR
can be estimated by haplotype relative risk (HRR) WZ/(XY). Knapp et al.'? showed
that the true HRR (ignoring random sampling variation) is smaller than the true
relative risk when cases and unrelated controls are used, i.e. |[HRR-1| < |RR-1]. If the
recombination fraction between the marker and the disease gene is 0, then HRR = RR
for any mode of inheritance.

Terwilliger and Ott” suggested that one examine each individual allele, rather than
individual genotype in the analysis. In this case, the transmission/non-transmission
patterns can be summarized using Table 3.

The appropriate matched analysis for the data in Table 3 is the McNemar test,
named (in this context) the transmission/disequilibrium test (TDT) by Spielman et
al.* (see also Terwilliger and Ott”):

(b—c)

TDT =
b+c

The original intended use of the TDT was to test for linkage in cases where disease
association already had been found.

We can also apply the unmatched analysis to examine the association between the
transmission of alleles and the particular allele form. In this case, the data can be
summarized as Table 4, and the haplotype-based haplotype relative risk (HHRR)
statistic:

_ dn(w —y)? _ (b —cy
HHRR = (w+y)(x+2) (a+b+c)(b+c+2d)/4n

discussed by Terwilliger and Ott” can be used for statistical tests. The entries in Tables
3 and 4 with the same notation correspond to same statistic. Similar to the difference
between the MGRR and the GHRR in genotype-based analysis, the difference between
the TDT and the HHRR is how the variance of b— is estimated.

Table 3 Table for the matched analysis of transmitted and nontransmitted alleles

Nontransmitted allele

Transmitted allele M m Total

M a b w=a+b
m c d x=c+d
Total y=a+c z=b+d 2n

Table 4 Table for the unmatched analysis of transmitted and nontransmitted alleles

M m Total
Transmitted allele w X 2n
Nontransmitted allele y z 2n

Total w+y X+2z 4n
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Other test statistics that have been proposed to analyse family trios were discussed
in detail by Schaid and Sommer.'® Note that one implicit assumption underlying these
test statistics is that there is no segregation distortion at the marker locus. This
assumption can be tested by comparing the transmission of a particular marker allele
to affected and unaffected offspring.*

In an invited editorial, Spielman and Ewens'? discussed the validity of the TDT and
the HHRR (also called the AFBAC by Thomson'*) to analyse the observed family
genotypes for the null hypothesis of association or the null hypothesis of no linkage if
it assumed under these hypotheses that the test statistic has a chi-square distribution
with one degree of freedom. The term valid has been used in the literature in the sense
that the statistical test has the correct nominal significance level under the null
hypothesis. The TDT is a valid test of linkage in structured populations, irrespective
of the pedigree structures. However, the presence of multiplex sibships makes the
TDT invalid as a test of association. The contingency statistic, GHRR or HHRR, is not
valid, in general, as a test for association since it requires random mating in the
population and no admixture for at least two generations before the sample of affected
offspring is taken. Even when the contingency statistic is valid as a test of association,
it is not valid as a test of linkage.

2.2 Multiple alleles and multiple sibs with two parents’ genotypes available

So far we have assumed that the marker being studied has only two alleles. Markers
with multiple alleles are commonly used in association and linkage studies, and many
approaches have been proposed to analyse multiallelic markers in family-based
association studies. Consider a disease gene with two alleles D and d, with allele
frequency p; and p,, respectively. Denote the recombination fraction between them by
f. Consider a marker with k alleles, My, ..., M. As for biallelic markers, we may
construct a k x k transmission/non-transmission table, where ¢; in the table represents
the number of parents who have genotype M;M; and transmit M; to the affected
offspring. If the population frequency of marker allele M; is ¢;, we can define %
association parameters, 6;, as follows:

§i:P(Ml‘D) —p1qi, 1= 1,...,k

Sethuraman'> showed that the probability for each cell in the transmission/non-
transmission table is

pij = (p1mu1 + pamiz) [mi(mipy + &) — O(m;é; — m;é;)] /K

+ (pr1miz + pama) [mj(mipy + &) + 0(m;6; — mi6;)] /K
where 711, m12, and m; are the disease penetrance for individuals carrying genotypes
DD, Dd, and dd, respectively, and K :pfwu + 2p1p2mi2 —|—p§7r22 1s the population

prevalence of the disease. Similar expressions were used by Sham and Curtis in their
logistic model,'® and by Morris et al.'” in their likelihood ratio tests. When 6 = 0

pi _ Brmn +pamz)fmi(mipy + 6)] + (P12 + pamaa) mi(mips + 6i))
pi  (p1mn +porm)[mi(mipy + 6)] + (p17m12 + pamar) [mi(mps + 6;)]
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As shown by Zhao,'® this ratio is in fact the ratio of disease risks carried by the two
alleles, M; and M;, respectively. Let p;y = ZJ 1pijand py = Z]k:lpﬂ From these cell
probabilities, we can obtain

pir = [(prm11 + pami){mip1 + (1 — 0)6;}
+ (p1m12 + pam){mip2 — (1 — 0)6:}]/K
pvi = [(o1m + pamiz){mipy + 06;}
+ (p17m12 + prma){mip2 — 06;}] /K

Therefore, p;. = p,; if and only if (1 — 20)6 = 0, and the null hypothesis of no linkage
can be tested by examining marginal homogeneity. Such a test has power only when
6; # 0 for at least one 1. A

Let lip = ij 1[113 ly = Z] 1[]19 d Liv — T4 d = (dl’ dk 1) Ez = ([l] +
tji),when 7 # j, and S = tiy + L4 — 2t;. Bickeboller and Clerget Darpoux'® proposed
the test statistic

W=d>d

which has an asymptotic chi-square distribution with £ — 1 degrees of freedom. Alter-
natively, transmission disequilibrium can be tested by examining whether the
transmission/non-transmission table is symmetric using the following statistic

2
rpr, = 3 W= )
—
S Lij + 1
This test statistic has an asymptotic distribution with k (k — 1)/2 degrees of freedom.?’
An alternative test that tests marginal homogeneity was proposed by Spielman and
Ewens'’

TDT. _k Zk: [z+_[+l 2
St iy + Ly — 2[11

As noted by Sham,?! Schaid,?” and Lazzeroni and Lange,”® the TDTgg, statistic may
not have a chi-square distribution with & — 1 degrees of freedom, and tends to be
anticonservative. Although this statistic is easier to compute than the W statistic, it
does not account for the covariance among the ¢t;; —t,;, 1 = 1,...,k — 1. In addition to
the tests based on the contingency table, model-based methods have been developed to
analyse multiple markers. Sham and Curtis'® proposed a logistic regression model for
the probability that a particular marker allele is transmitted by a heterozygous parent.
This logistic model has the following form

Dij
lo =b, — b
gP]z i /j

To avoid aliasing, we can set b;, to be zero. In the generalized linear model notation,
this is equivalent to coding each genotype by a vector where the ith component is 1, the
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jth component is —1, and all other components are 0. This model is equivalent to the
quasi-sgmmetry model developed by Bradley and Terry.”* Using simulated data,
Miller” found that the distribution of the p-values is not uniform as expected and
suggested that one use Monte Carlo methods to evaluate significance levels. Models of
the same form were studied by Jin et al.?® to detect segregation distortion using
randomly ascertained families. Logistic models and their extensions have also been
discussed by Harley et al.,”” Rice et al.?® and Waldman et al.*® In the same spirit,
Sinsheimer ez al.>* developed the gamete-competition model that is applicable to
general pedigrees. For family trios, their method is identical to the Sham and Curtis
model. However, when there are missing genotypes, population allele frequencies are
used to estimate missing genotypes, thus this procedure may be biased if there is
population stratification.

Another class of model-based methods was proposed by Schaid*? using the
conditional likelihoods developed by Self et al.>' Offspring genotype is modelled as
a function of parental genotypes and offspring disease status as follows:

P(Dlgc,8m, 8 )P (c|gm: & )P (gm,8r)
> erc P DIg* 8m, 8r)P(g" |gm:87) P (&m, 8r)

In the above expression, D represents the event that the offspring is affected, g, is the
marker genotype of the affected offspring, g,, and gy are the marker genotypes of the
parents, and g* is one of the four possible genotypes of the offspring conditional on
parental genotypes. Assuming that P(Dlg.,gn,gr) = P(Dlg.), the above equation
reduces to

P(gC|gM7gf7D) =

P(g:lgn.g, D) = Zr(cr)(g)

where r(g) is the relative risk of disease for genotype g, which consists of a pair of
haplotypes, (i, /). If 7, is the penetrance for genotype g, the genotype relative risk is m,
= my r(g) for a reference genotype. For H distinct haplotypes, H(H{+1)/2 distinct
parameters have to be defined for general disease models. The model can be simplified
if we specify a certain disease model. For example, under a multiplicative model

logr(g) = logr(i,j) = Bi + 5;

A more general model was proposed by Clayton and Jones*? with the following form

hlr(i.)] = B + 6 = %{h[V(i»i)] +hlrG.)I}

where % is an unspecified monotone increasing function. Schaid®* proposed to num-
erically code the marker relative risks as follows:

log[r(e)] = X'p

where X is the coded vector for the observed genotype g. The null hypothesis of no
association, i.e. 8 = 0, can be tested using the Rao efficient score statistic in the form
of
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S=UVv'U
where

dlnL 9 1nL
—— |, s and V;=—-E{——
8ﬁ |/370 7 {aﬁlaﬁ] 3_0}

When the mode of inheritance is unknown, two statistics, the W statistic discussed
above and the maxTDT statistic defined as

U =

2

maxTDT = max{M, 1=1, ...7k}
i |ty F ity — 2t

were found to be generally powerful against alternatives specified by the relative risks

of marker genotypes.

Using the framework put forth by Self ez al.®! and Schaid,?” Lunetta ez al.>* con-
sidered general association models for an arbitrary phenotype Y and score statistics
based on likelihoods for the distribution of Y. Their association model may include
environmental factors as well as multiple genes. A major distinction between their
model and previous models is that Lunetta et al. modelled phenotypes conditional on
genotypes and adjusted for population stratification at the final step by using the
appropriate permutation distributions for the offspring allele values. In our following
discussion, we use n to denote the number of families, and #; to denote the number of
siblings in the ¢th family. For a biallelic marker with alleles M and m, when both
affected and unaffected offspring are used, the score statistic proposed by Lunetta et
al. is

1‘33

=33 Xy (¥ - ) = (- )84 — Sy

i=1 j=1

where Sy is the total number of M alleles transmitted to the affected offspring, Sy is
the total number of M alleles transmitted to the unaffected offspring, X is the coding
for the jth sibling’s genotype in the ith pedigree, and Yj; is the phenotype of the jth
sibling in the ith pedigree coded either 0 or 1. When g is set to 0, § =S4 and only
transmissions to the affected offspring are counted. When p is set to the population
prevalence of the disease, it is identical to the T} proposed by Whittaker and Lewis,*°
the most powerful test under a multiplicative-genoype relative-risk disease model.
When the disease is rare, u = 0, most information is contained in the genotypes of
affected individuals. On the other hand, including the unaffected offspring may
increase the power when the disease is common.

Whittemore and Tu?* developed a class of likelihood-based score statistics that, in
principle, can handle arbitrary family structures with arbitrary patterns of missing
data. The score statistic has two components: the non-founder statistic that evaluates
disequilibrium in the transmission of marker alleles from parents to offspring, and the
founder statistic that compares the observed or inferred marker genotypes in the



Family-based association studies 571

family founders with those of controls or those of some reference population. In their
model, each individual’s phenotype value is defined as 1 if this person is affected, —1
if this person is unaffected, and 0 if this individual’s phenotype is unknown. Each
individual’s genotype is coded so that ¢y = 0 for a homozygous mm individual, ¢, = 1
for a homozygous MM individual, and ¢; for a heterozygous Mm individual. When )
=0andc¢; = %, their non-founder statistic is the same as the TDT. When ) = 0 and ¢,
= 0 or ¢; = 1, their non-founder statistic is the score statistic proposed by Schaid.**
Although they illustrated how to analyse data with incomplete parental genotypes,
random mating was assumed in their formulation and this assumption may lead to
bias if there is population stratification.

When there are multiple sibs in a nuclear family, the TDT is still a valid test for
linkage in the presence of association. However, the TDT is no longer a valid test for
association because the transmissions from a parent to its affected children are
correlated if there is linkage, even if there is no association. One strategy is to
randomly select one affected child from each family. Martin et al.® proposed
alternative tests that may use data from affected sib pairs. Let s; be the number of
heterozygous parents with genotype Mm who transmit allele M toj children, their test
statistic is

(s0 — 2)°

T, =
P S0 +$2

which has an approximate chi-square distribution with one degree of freedom. Using
their notation, the TDT is

(s0 —52)°

TDT=—————
%(S() +51+52)

The two statistics, the TDT and the T, are related as follows:

So+52
™Tr=7T)—F-—
P 1(so +s1+52)

and the TDT is more powerful than Ty, to test for linkage. Noting that s; ~ 5o + s
under the null hypothesis of no linkage, Wicks®® defined a family of TDT-like
statistics for affected sib pairs in the form of

(s0 — 52)°

TDT(e) = (1 —a)(so+s2) + asy

Under the null hypothesis of no linkage, TDT(c) has a chi-square distribution with
one degree of freedom. She suggested that TDT(a = 1) is the most powerful test in
this class

(s0 — 52)°

TDT(a = 1) ==
1

The TDT permits exact calculation of p-values.®” Alternatively, Morris et al.*® des-
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cribed how to use the randomization procedure to adjust for multiple comparisons and
to sequentially investigate patterns of association of several individual alleles with the
disease gene. The use of exact or Monte Carlo methods to calculate significance levels
was also advocated by Whittaker and Thompson.*

The power and sample size issues in the TDT have been investigated by many
researchers. To estimate the power of the TDT, the most satisfactory approximation
formulae appear to be those derived by Knapp.* When the TDT was compared with
likelihood-based methods, Schaid*' found that for rare alleles, the TDT method is
inefficient for recessive patterns of relative risks. For alleles that are not rare, assum-
ing a multiplicative model may lead to gross underestimate of the required sample
size. For common alleles, the TDT method can be very inefficient if the true genotype
risks have a dominant pattern. Overall, the likelihood ratio statistic with two degrees
of freedom seems to perform well across a wide range of disease models.

Simulation analyses have been performed to compare the power of a variety of tests
for markers with multiple alleles. Sethuraman®® compared TDTgg, W, maxTDT, and
TDTc. All statistics are more powerful when the mode of inheritance is recessive than
when the mode of inheritance is dominant, and when the disease allele is rare than
when the disease allele is common. The power of the TDT¢ is much less than the other
three test statistics, possibly due to the large number of degrees of freedom. Among the
other three tests, the TDTsg is, in general, more powerful than the W statistic. When
only one marker allele is highly associated with the disease, the maxTDT is very
powerful, but even in such cases, the TDTgg is also very powerful. Therefore, unless
there is evidence that a particular marker allele is associated with the disease or the
number of alleles is very large, Sethuraman suggested that there would be no real
advantage in using the maxTDT rather than the TDTgg. The TDTgg was also
recommended by Kaplan et al..*?

2.3 Families without parental genotypes

Unobservable parental genotypes present problems for the TDT. Although parents
may be unobservable, information about their genotypes may be contained in the
genotypes of the proband and his or her siblings. Methods have been developed under
the assumption of Hardy—-Weinberg equilibrium,** however, these methods may
lead to biased results in the presence of population stratification.

Curtis*® proposed to randomly select one affected offspring and then select one
unaffected offspring whose marker genotype is maximally different from that of the
affected offspring. This approach is unbiased although the procedure selects the most
different unaffected sibling. To calculate the test statistic, each marker allele in the
affected individual is compared with each marker allele in the unaffected sibling. If
the alleles are identical, the comparison is ignored. If the alleles are different, then % is
added to Tjj, where ¢ is the marker allele in the affected sibling and j is the marker
allele in the unaffected sibling. For a biallelic marker, the test statistic is

e ()

o V%%—Nz
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where N; is the number of sibships that increase the test statistic of either 77, or T5; by ..

This procedure is a valid test for both linkage and association. For multiple alleles,
Curtis adopted a likelihood model similar to that of Sham and Curtis.'® However, the
chi-square approximation to the likelihood ratio test distribution for this model may
be poor.

For a marker with & alleles, Boehnke and Langefeld*® represented the marker allele
data in a 2 x k contingency table in which the rows represent the disease status and
the columns represent marker alleles. There are many ways to calculate entries in this
contingency table; here we discuss one counting scheme that they found to have the
best power overall. For this scheme, if the marker alleles in the two sibs are all
different, then all four markers are counted in the table. If an affected individual and
the unaffected individual have one marker allele in common, then these alleles are
ignored and only the two different alleles are counted in the table. One test statistic
derived from this table is

Ac, =y )

= ny; + nyj

where ny; is the count of marker allele j in the N affected sibs, and #n,; is the count of
marker allele j in the N unaffected sibs. The permutation procedure that randomly
permuted the affection statuses of the sibs was proposed to evaluate the significance
level.

The sib TDT (S-TDT) developed by Spielman and Ewens* can analyse sibships
with one or more affected sibs and one or more unaffected sibs. This test is valid as a
test for linkage. To be included in the S-TDT analysis, the sibships have to meet two
criteria: (1) there are at least one affected sib and one unaffected sib in each sibship in
the data; and (2) the sibs must not have the same genotype. For each marker allele,
Spielman and Ewens* defined the random variable Y; as the number of allele M; in
the affected individuals from all sibships. The normalized statistic is

Y4
v

and the calculations of the mean A; and variance V; of Y; were discussed by Spielman
and Ewens.* Either a permutation test or normal approximations can be used to
assess the significance level. For a biallelic marker, the test statistic is Z;, whereas for a
marker with % alleles, the test statistic they proposed is Zny,x = max|Z;|. Schaid and
Rowland® noted that the S-TDT is equivalent to the conditional likelihood having
log-additive effects of the marker alleles. The similarities and differences between the
S-TDT and the Mantel-Haenszel test were discussed by Laird ez al.>! and Ewens and
Spielman.>?

For some families without parental genotype information, it may be possible to
reconstruct parental genotypes from the genotypes of their offspring. In the context of
the TDT, Spielman and Ewens'*”? suggested that one treat these reconstructed
families as if parental genotypes have been typed. However, Curtis,”* Spielman and
Ewens,”> and Knapp> noted that this procedure can introduce bias. To overcome the

Z;
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potential bias in parental genotype reconstruction, Knapp> proposed a statistical
procedure called RC-TDT (reconstruction combined TDT). He provided necessary
and sufficient conditions for the observed marker genotypes in the offspring to allow
for the reconstruction of the parental mating type. Similar conditions were given by
Curtis,’* but for a slightly different purpose. The mean and variance of the test
statistic conditional on parental mating type being able to be reconstructed under the
null hypothesis were derived. Power comparisons showed that the RC-TDT is more
powerful than the S-TDT.>>°

All methods described so far are based on comparing affected and unaffected sibs.
Teng and Risch®’ suggested that there is additional information available in the
sample from the relative frequency of the different sibship genotype constellations.
Such information allows the estimate of the proportion of six mating type frequencies
for a biallelic marker: MM x MM, MM x Mm, MM x mm, Mm x Mm, Mm x mm,
and mm x mm. For the general case of r affected sibs and s unaffected sibs, they
grouped the outcomes into six groups: (I) all sibs are MM; (II) all sibs are mm; (III) all
sibs are Mm; (IV) all sibs are either MM or Mm; (V) all sibs are either Mm or mm; (VI)
the genotypes MM and mm appear among the sibs. However, there may be
information loss in such groupings. For example, groups IV and V can be divided
by the number of Mm individuals. Teng and Risch®’ derived sample size formula
based on their test statistics. They found that two unaffected sibs without parents
requires approximately 50% more families than when parents are available.

Using ideas similar to those in Teng and Risch,”” Weinberg>® proposed a likelihood-
based approach to analysing families with incomplete parental information using the
model discussed in their earlier work.>® As is true for Teng and Risch’s approach, the
basic assumption underlying this type of analysis is that the probability of having
missing information does not depend on the disease allele under study.

For extensions to families without parental genotype information, the methods
discussed above are a valid test of association in the presence of linkage only if one
affected sib and one unaffected sib are analysed from unrelated families. To include
all available siblings from the same family, Horvath and Laird® developed a test of
association for a candidate gene, called SDT (sibship disequilibrium test), when
parental information is not available. Here we briefly describe their testing procedure.
First consider a marker with two alleles M and m. For a set of siblings, let

my = (Total number of allele M among the affected)/ny
my = (Total number of allele M among the unaffected)/ny
where n4 and ng; are the number of affected and unaffected siblings in this family. Let

d =my —my, b be the number of sibships for which d > 0, and ¢ be the number of
sibships for which d < 0. The SDT statistic is defined as:

(b —c)’

SDT = b+c

For a marker with & alleles, we can define d¥) for the jth marker allele. Because
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k-1 0
=>»d
2

we may only consider the first & — 1 alleles to form a vector S' = (S, 5@ .. SE=1)),
where SV =" | sgn(dl(’)) and d is the statistic d¥) from the ith s1bsh1p The test
statistic they proposed is

T=Sws

where W; = Y7, sgn(df’))sgn(dl(l)). The SDT can be combined with the TDT when the
data consist of a mixture of families with and without parental information, both for
biallelic markers® and for multiallelic markers.®!

In the case of discordant sib pairs, Horvath and Laird®® also introduced a class of
tests in the following form

(b1 —c1) +x(by —c2)
V(b1 +c1) +x2(b; +¢2)

In the above expression, b, is the number of sib pairs (2,0), ¢, is the number of sib pairs
(0,2), b; is the number of sib pairs (2,1) or (1,0), and ¢; is the number of sib pairs (1,2)
or (O 1), where (i, j) denotes a sib pair with ¢ copies of allele M in the affected sib and j
copies of allele M in the unaffected sib. Within this class of tests, T; corresponds to the
SDT, and T, corresponds to the test proposed by Curtis.>*

Siegmund et al.®? proposed the use of multivariate regression for correlated outcome
data to analyse sibship data to test for association in the presence of linkage. Their
approach uses all sib information and does not require that the exact correlation
structure be specified. Let i = 1, ..., n denote the sibship, D; denote the set of affected
siblings in sibship i, n; denote the number of affected sibs, M; the marker genotypes,
and Z; their codings. The conditional likelihood is

H]ED €Xp {le/g}
i ZSeC H ies €XP {Z B}

where C; denotes the set of all possible subsets for which #; affected sibs are sampled
from the ith sibship. The PHREG procedure in SAS can be used to fit the conditional
logistic model, and a robust variance estimate can be used to compute a Wald test that
is valid for testing association in the presence, of linkage.

Finally, we note that Schaid and Rowland®® proposed a general multivariate score
statistic that is applicable to designs using parents as controls, sibs as controls, or
unrelated individuals as controls. Their method generalizes the S-TDT of Spielman
and Ewens* and the DAT of Boehnke and Langefeld.*®

x =

L(B) =

2.4 Nuclear families with only one parent available

Curtis and Sham*® observed that when one parent is missing, discarding parents
with ambiguities may lead to higher false positive rates. For example, if the offspring
of a heterozygous parent Mm is of genotype MM or mm, we can infer that the parent
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transmits M or m to the offspring. If the offspring has genotype Mm, the family cannot
be used. This method can introduce bias depending on the allele frequency in the
general population. To make use of families with only one available parent, Sun et
al.**% proposed two test statistics that lead to unbiased tests of linkage/association
when only one parent is available. The first statistic, called 1-TDT, is valid if either of
the two assumptions holds: (1) males and females with the same genotype have the
same mating preference; and (2) father and mother are missing with the same
probability given that one of them is missing. Their second test statistic is valid even
when both assumptions fail. The same approach has been extended to analyse
quantitative traits.*®

Wang and Sun®’ derived sample sizes required to detect linkage disequilibrium for
the S-TDT and 1-TDT. Under a variety of genetic models, the sample size needed for
the 1-TDT is roughly the same as the sample size needed for the S-TDT with one
affected and one unaffected sibs, and is about twice the sample size needed for the
TDT.

2.5 General pedigrees

One limitation of the tests discussed above is that they are not applicable to large
pedigrees, although multi-generation pedigrees are routinely collected in practice.
Martin er al.®® proposed the pedigree disequilibrium test (PDT) to analyse linkage
disequilibrium in general pedigrees. The basic idea is to collect all possible triads from
informative nuclear families and all possible discordant sib pairs from informative
discordant sibships in a single pedigree as a unit in the test statistic. The false positive
rate is correctly controlled by using a variance estimate that is unbiased in the
presence of linkage. Using the PDT can lead to substantial gains in power when
extended pedigree data are available, and may increase power even without extended
family information.

Rabinowitz and Laird®® developed a general approach to estimating statistical
significance levels by comparing test statistics to their distributions conditional on the
minimum sufficient statistic under the null hypothesis of no linkage or the null
hypothesis of no association for arbitrary genetic models, sampling strategies, and
population structures. Their approach is applicable to an arbitrary pedigree structure
and any pattern of missing genotypes.

3 Quantitative traits

We have so far focused our attention on qualitative traits. However, many traits are
quantitative, and quantitative phenotypes contain more information than is provided
by binary phenotypes. Many approaches have been developed in the last several years
to analyse quantitative traits using family-based designs.

Among five statistics developed by Allison to analyse quantitative traits,’° TDTqs
was found to be preferable under a variety of genetic models. This statistic can be
described as follows. For the three informative mating types (MM x Mm, Mm x Mm,
and Mm x mm), two regression models can be carried out to regress the offspring
phenotype value cither using only parental mating types, or using both parental
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mating types and allele transmission information from parents to the offspring. The
TDTqs is basically an F-test that compares the fit of the two models. A similar
approach developed by Xiong et al.”' compares the average trait values of offspring
inheriting one allele versus the other from heterozygous parents. George et al.’”
proposed a linear-regression approach for quantitative traits with the trait value, Y, as
the dependent variable. The primary independent variable in the model is, for each
individual, the transmission status X of the associated allele. In addition to X, other
covariates can be incorporated into the regression model. The familial correlations
among pedigree members are incorporated by means of the association model. An
alternative regression model was proposed by Zhu and Elston,”® and simulation
studies have been performed to compare the power of these two regression ap-
proaches.”* Assuming a random sample of individuals, Yang er al.”> developed a
similar approach by augmenting additional regressors in linear regression models.

An alternative method was introduced by Rabinowitz.”® As in the discussion above,
we use n to denote the number of families and n; the number of offspring in the ith
family. Denote the trait value of the jth offspring in the ¢th family by Q;;. We further
define the following index function: Y(] m _1/2 (or 1/2) if the mother in the 7th family
is heterozygous and transmits the M (or m) allele to the jth offspring, and Y< m — 0 if
the mother is homozygous. We similarly define Yw for the father. Under the null
hypothesis of no linkage between the marker locus and the quantitative trait loci, the
trait value and the index functions Y(f) and Y ™) are conditionally independent, given
the parental alleles. Thus, for any constant C, condrtlonal on the trait values and the
parental genotypes

ZZ oY + v

=1 j=

has mean 0. The test statistic proposed by Rabinowitz takes the form of s(c)/o(c),
where o(c) is an estimate of the conditional variance of s(c). Rabinowitz suggested one
use the trait average of all the children in all the families to replace c¢. This approach
was recently generalized to include families with missing parental information by Sun
et al.®® Because no assumption is made about the distribution of the trait values under
this approach, the tests are valid for any types of sampling schemes based on the
phenotypes of the individuals.

To use information from all available offspring, Monks and Kaplan’’ proposed
three statistical tests for quantitative traits: Tpp, Tos, and Tops. The Top uses parental
genotype information and is identical to the test proposed by Rabinowitz.”® When no
parental information is available, the T(s is calculated using families with at least two
sibs having different genotypes. The third statistic Tpps is the combination of Tp and
Tos.

Quantitative traits also can be analysed through a likelihood framework.?? Assume
the trait for a given individual has a normal distribution conditional on his/her
genotype, i.e. g~ N(u,0?). Conditional on the trait value z and the parental
genotypes g, and g5 the posterior probability that the genotype g, is transmitted is
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(2 — pg, )/ 0]
22 Oz — 1)/ 0]

where ¢ is the standard normal density function, and the sum is over all possible
transmissions from the parents to the offspring. If we assume

Rl ) = h(p) + Bi + 5;

the contribution of each family to the ¢th element of overall score statistic is

Pclz,gm.gr) =

1
W(Z ch 4ZN1g

where N(i, g.) is the number of times haplotype ¢ is transmitted from parents to the
offspring.

Parallel to the developments for qualitative traits, statistical methods have been
developed for quantitative traits when only genotypes from sibs are available. Allison
et al.”® proposed two tests, a mixed-effects model and a permutation test, to test the
null hypothesis of no linkage between the marker and the trait locus using sibship
data. The mixed-effects model has the following form

Yip = p+ i + 3 + (af); + ejin

where p is a constant, the o; are the random effects for sibship ¢, the ; are the fixed
effects for allele j, and the interaction terms, the (/3);;, are modelled as random effects.
The mix-effects model allows the straightforward inclusion of covariates and other
genes. For the permutation test, the statistic is

li i (00 Ya — )
k j=1 Zi:l I/U

where p;; is the permutation mean of the trait value for jth allele in the ith sibship, V;;
is the permutation variance of the trait value for the jth allele in the ith sibship.
Simulation results showed that the permutation procedure generally has greater power
and, furthermore, it has the advantage of being distribution free.

Fulker et al.”® extended maximum variance components procedures for mapping
QTLs in sib pairs to allow for a simultaneous test of allelic association. Their model
partitions association into between- and within-pairs components, and a robust test is
constructed on the basis of the within-pair component. When the power of this method
using simple random sibship samples was compared to the power of linkage methods,
Sham et al.®® found that the power of their association test is related to the QTL
heritability and the square of the linkage disequilibrium measure, and the power of
linkage is related to the square of the QTL heritability. Abecasis et al.®' further
extended this approach to accommodating an arbitrary number of sibs, with or
without parental genotypes.
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4 Other topics

4.1 TDT for X-linked markers

Ho and Bailey-Wilson®? extended the TDT methods to test for linkage between X-
linked markers and diseases that affect either males only or both genders. The basic
statistics parallel the methods for the TDT and the S-TDT for autosomal markers,
respectively extending the TDT and the S-TDT. Similarly, Horvath ez al.®? groposed
two procedures: the XS-TDT and the XRC-TDT that extended the S-TDT* and the
RC-TDT,>® respectively. To extend the XS-TDT, they divided each family into two
strata, with one stratum consisting of daughters and another stratum consisting of sons
to take into account different disease prevalences in the two populations. To extend
the RC-TDT to the XRC-TDT, three mating patterns were distinguished: (1) both
parental genotypes are missing, (2) maternal genotype is missing, and (3) paternal
genotype is missing. Simulation studies showed that the XRC-TDT is more powerful
than the XS-TDT.

4.2 TDT for multiple tightly linked markers

When multiple markers are studied within a candidate region, one strategy would
be to analyse each marker separately and then adjust for multiple comparisons by the
Bonferroni correction. Although the Bonferroni correction is usually done, when
markers are in linkage disequilibrium, such practice may be conservative. Lazzeroni
and Lange®® proposed an alternative procedure as follows. Let 7; = ¢; denote the test
statistic at marker ¢, and the corresponding p-value is p;. Under the null hypothesis, the
p-value is uniformly distributed on [0,1]. Let H, denote the combined hypothesis that
no transmission disequilibrium at any of the markers. The adjusted p-value is

p(p) = Plminp; < p|Ho]

This is the distribution function of the statistic minp;(7;) under H, evaluated at the
point p. The adjusted p-value is bounded above by the usual Bonferroni correction,
and it can be estimated by Monte Carlo simulations. The Monte Carlo approach to
testing association for multiple markers was also discussed by McIntyre et al.** One
disadvantage of this approach is that it ignores possible dependence among the
markers, and such dependence may provide valuable information for linkage.

Wilson® extended the TDT to two markers following the likelihood ratio test
proposed by Sham and Curtis.'® Sethuraman' considered more marker configurations
and developed a test similar to the TDTg, called the T°DTsg. Simulations showed
that the T°DTgg is more powerful or as powerful as the likelihood ratio tests discussed
by Wilson.®> Clayton and Jones** proposed an approach borrowed from spatial
statistics by relating haplotype relative risk to haplotype similarity. All these methods
assume that the haplotypes are known in the parents. Therefore, they are not applic-
able to data collected on nuclear families, where haplotypes in the parents may not be
uniquely resolved.

As pointed out by Dudbridge et al.,%® a necessary condition for haplotype ambiguity
is that there is a locus for which both parents and offspring have the same
heterozygous genotype and another locus for which both parents and offspring do not
have the same homozygous genotype. Clayton®’ proposed that one estimate haplotype
frequencies and construct a likelihood considering all possible solutions. However, his
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method is not robust for population stratification. Dudbridge et al.%® developed an
unbiased test for individual haplotypes by calculating the correct variance for the
transmission count within a family, using information from multiple siblings if they
are available. However, families with ambiguous haplotypes have to be discarded from
analysis, resulting in loss of information. Zhao et al.®® proposed that one construct a
transmission/non-transmission table by assigning families with ambiguities to
compatible haplotype groups based on a set of hypothetical haplotype frequencies.
They showed that under the null hypothesis of no linkage or no association, the
reconstructed transmission/non-transmission table retains symmetry. Therefore, the
null hypothesis of no association or no linkage can be tested by examining the
symmetry of the reconstructed transmission/non-transmission table.

4.3 Parent-of-origin effects

Methods to detect parent-of-origin effects using the log-linear models were
discussed by Weinberg et al.®” However, Weinberg” later noted that the formulation
was not strictly correct if the gene under study is in linkage disequilibrium with a
different disease-susceptibility gene. She also pointed out the problem with alternative
methods. For example, it is natural to compare the frequency of transmission from
heterozygous mothers versus that from heterozygous fathers. However, if families in
which both parents are heterozygous are included, they can contaminate the com-
parison because of statistical dependency between maternal and paternal transmis-
sions. To remedy this problem, she proposed the following model

) P[M > P|mating type, C]
P[M < P|mating type, C]

> = ol (c=1) + Blspr>1) + Y wp=1) — L(p4P>2)]

where I is the indicator variable, M, P, and C are the number of M alleles in the
mother, father, and child, respectively. The event M > P corresponds to the mother
carrying more variant allele than the father, and the event M < P is similarly defined.
The null hypothesis of no parent-of-origin effects, i.e. « = 0, can be tested through the
likelihood ratio test.

4.4 Gene-environment (GxE) interaction

In the absence of biological mechanisms for how genes and environmental factors
interact, statistical models of interaction can be useful. Statistical interaction normally
means that the joint effects of genetic and environmental factors cannot be added, if
an additive model is assumed, or cannot be multiplied, if a multiplicative model is
assumed. Statistical interactions depend on the scale of measurement.

Umbach and Weinberg®' remarked that the approach that compares the trans-
mission rates from heterozygous parents to exposed versus unexposed probands may
be invalid. For example, when there is a structured population where mating type and
exposure are correlated, transmission rates can differ between exposed and unexposed
triads even if exposure has no effect at all. Using the notation for M, P, and C defined
above, Umbach and Weinberg proposed to use the following model to study G x E
interactions



Family-based association studies 581

log [Nice] = pii + 6l -1y + Bl o=}
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where N, denotes the expected number of family trios with the ith mating type, C = c,
and E = e, where E is the binary exposure variable. The null hypothesis of no
interaction can be tested by setting n; = 77, = 0. This test is equivalent to a test studied
by Schaid.”” In the study of G x E interactions using case-parent data, one implicit
assumption is that, conditional on the parental genotypes, an individual’s exposure
status is independent of his or her genotype at the candidate locus.

Schaid®® compared the required sample size to detect G x E interactions using case-
parents versus that using the traditional case-control design. Witte et al.”® considered
more alternative designs, including sibling controls and cousin controls. Sibling and
cousin controls are more efficient when estimating an interaction comprising a rare
major susceptible gene. However, for a common gene, sibling and cousin controls are
less efficient than population controls. Pseudosib controls are generally less efficient
than population controls for estimating G x E interactions.

5 Conclusions

Mapping genes for complex traits presents great challenges for human geneticists. It
has become clear that conventional linkage analysis as a tool for mapping disease loci
is of limited potential. On the other hand, traditional case-control designs using
unrelated controls may be biased in the presence of population stratification. Family-
based association designs are a compromise between the above two approaches.
Assuming a multiplicative disease model and focusing on families consisting of
parents and two affected siblings, Risch and Merikangas® compared the power of the
TDT with the traditional affected sib-pair method that only uses allele sharing status.
They concluded that genes with effects as low as 1.5 could be detected using samples of
reasonable sizes. McGinnis®* generalized their results to general disease models and
reached similar conclusions. Similarly, for family association studies of quantitative
traits, the TDT-type tests are at least one order of magnitude more efficient than
common sib-pair tests of linkage when a candidate gene is available.”” The power of
the TDT can be further increased by recruiting families with certain structures.’

Despite the great promise of family-based association designs, the primary
limitation of such studies is the lack of complete linkage disequilibrium between
disease gene mutation and the tested candidate allele. Tu and Whittemore” examined
the effects of a marker allele that is not in complete linkage disequilibrium with the
disease susceptible allele and of an allele frequency difference between the marker
allele and the disease allele. When the frequencies of disease and marker alleles are
highly discrepant, the linkage test may be more powerful if there are small departures
from maximum linkage disequilibrium. Their results agreed with those made by Abel
and Miiller-Myhsok®® and by Clerget-Darpoux.”’ Statistical power may be further
compromised by allelic heterogeneity.’
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Although the SNP project will generate hundreds of thousands of genetic markers
throughout the human genome, the linkage disequilibrium Ipa‘[‘[erns are hard to
predict. They are both locus specific’® and population specific."” The success of the
family-based association paradigm critically depends on our understanding of the
linkage disquilibrium patterns across the human genome in worldwide populations.

Case-control association study designs have often been criticized for inducing false
positives due to population stratification. However, in terms of efficiency, case-control
designs are superior to family-based association tests both for qualitative traits'?!1%?
and quantitative traits.'%> Recently, several articles have appeared to use genomic
markers to control population stratification in the analysis of case-control data.!®*1%7
These novel approaches offer great promises because they may both have greater
power than family-based association designs and they may prove to be robust against
potential population stratification. In addition, case-control studies have the further
advantage of easy sample collection and the potential of tremendous reduction in
genotyping efforts using DNA pooling.!%

Given that many statistical methods have been proposed in the last several years for
family-based association studies, the performance of these methods is of great interest
to human geneticists who study complex traits. Many studies have been done to
compare various methods, and the relative performance clearly depends on the genetic
models used in these studies. Because the mode of inheritance for complex diseases is
usually unknown, methods that perform well under a wide range of models are
certainly desirable. As more and more approaches are introduced in the literature,
systematic comparisons are always needed to give guidelines to practitioners.

To maximize statistical power to detect linkage, Huang and Jiang'®® proposed a
disequilibrium-maximume-likelihood-binomial test for linkage. This method appears
to efficiently combine linkage information from the IBD-sharing and the allele-
specific IBD sharing information. Further developments along this line are clearly
warranted to develop a unified approach that simultaneously incorporates linkage and
linkage disequilibrium information.

Although a theoretical framework has been laid out to study transmission
disequilibrium in general pedigrees,®* the test statistic proposed by Martin et al.®®
represents a first step to develop statistical tests to detect association that are
applicable to large pedigrees. The difficulty lies in the requirement that the methods
have to be robust in the presence of population stratification, which sets it apart from
the methods in traditional linkage analysis that usually invoke Hardy-Weinberg
equilibrium. Novel methods that can jointly analyse all pedigree members, handle
both qualitative and quantitative traits, and are robust to population stratification will
be of great value for the study of complex traits.

With the availability of large numbers of genetic markers in the human genome, it
1s already common practice to genotype many genetic markers in a candidate gene
region. One difficulty of analysing multiple markers is that haplotypes may not be
uniquely identified from pedigree data. Even if haplotype information is known, one
potential limitation involving multiple markers is the very large number of possible
haplotypes, which will likely reduce the power of the statistical tests. For a single
marker with many alleles, Kaplan ez al.'® considered a general method to collapse
alleles to two allelic classes that minimizes the reduction in the non-centrality
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parameter for an admixed population with two founding populations. For multiple
markers, Clayton and Jones>? proposed to relate haplotype relative risk to haplotype
similarity as a way to reduce the number of haplotype classes in studying transmission
disequilibrium. Methods similar to those proposed by Templeton and his colleagues'!”
can also be employed to reduce the complexities in examining haplotypes involving
many polymorphic sites. Both theoretical and empirical studies are needed to develop
and evaluate statistical methods that can reduce the complexity in the analysis of
multiple markers.

Undoubtedly, the ultimate data available to human geneticists will be DNA
sequences from each individual involved in each genetic study. Although such data are
already on the horizon, statistical tools to efficiently use this information to map
disease genes are lacking. The great challenges facing statistical geneticists in the
coming years are to develop statistically powerful and computationally feasible
methods to fully utilize such information, and to search for optimal study strategies to
map complex disease genes in the post genome era.
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