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Association studies, both family-based and population-based, can be powerful means of detecting disease-liability alleles.
To increase the information of the test, various researchers have proposed targeting haplotypes. The larger number of
haplotypes, however, relative to alleles at individual loci, could decrease power because of the additional degrees of
freedom required for the test. An optimal strategy would focus the test on particular haplotypes or groups of haplotypes,
much as is done with cladistic-based association analysis. First suggested by Templeton et al. ([1987] Genetics 117:343–351),
such analyses use the evolutionary relationships among haplotypes to produce a limited set of hypothesis tests and to
increase the interpretability of these tests. To more fully utilize the information contained in the evolutionary relationships
among haplotypes and in the sample, we propose generalized linear models (GLM) for the analysis of data from familybased and population-based studies. These models fully account for haplotype phase ambiguity and allow for covariates.
The models are encoded into a software package (the Evolutionary-Based Haplotype Analysis Package, EHAP), which also
provides for various kinds of exploratory data analysis. The exploratory analyses, such as error checking, estimation of
haplotype frequencies, and tools for building cladograms, should facilitate the implementation of cladistic-based
association analysis with haplotypes. Genet Epidemiol 25:48–58, 2003. & 2003 Wiley-Liss, Inc.
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INTRODUCTION
The evolutionary history of a sample of haplotypes can be represented by a coalescent process
[Kingman, 1982], with disease liability mutations
embedded in the evolution of the distinct haplotype forms. Noting this fact, Templeton et al.
[1987] conjectured that the power to discover
liability alleles is often enhanced by using a
cladogram to guide the search for an association
between a trait and one or more clusters of similar
haplotypes. Although this conjecture has been
verified in both in empirical studies [Havliland
et al., 1997; Keavney et al., 1998; Soubrier
et al., 2002] and in simulations [Seltman et al.,
2001], cladistic analysis depends on the accurate
reconstruction of evolutionary relationships. The
recent discovery that haplotype blocks are often
conserved, even across ethnic groups [Gabriel
et al., 2002], supports the cladistic approach.
Indeed, haplotype-based methods that exploit
& 2003 Wiley-Liss, Inc.

the historical development of distinct haplotype
forms appear to offer a very promising approach
to disease gene mapping.
Support for the analysis of haplotypes, rather
than single genetic markers, can also be derived
directly from a functional viewpoint. Evidence is
mounting that multiple mutations within a gene,
occurring on the same chromosome, can have a
large effect on the phenotype [e.g., Hollox et al.,
2001; Clark et al., 1998; Tavtigian et al., 2001].
These large haplotype effects are the natural
biological consequence of the induced change in
the protein product. The total effect of such
wholesale changes cannot be detected by sequential tests for effects in a series of polymorphisms.
Moreover, even if the causal single nucleotide
polymorphisms (SNPs) are not measured, they are
embedded in the haplotypes formed by markers
spanning the region, making haplotype analysis
more sensitive than a series of single SNP
association tests.
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Recently, numerous methods for analyzing
haplotype data have appeared, most of them
targeted at distinct types of study designs. For
instance, for family-based designs in which
parents and their affected offspring are sampled,
various transmission disequilibrium tests (TDT)
exist [Clayton, 1999; Clayton and Jones, 1999;
Seltman et al., 2001]. For population-based designs, particularly case-control studies, a likelihood ratio test is often used [e.g., Sham, 1998].
Alternatively, a score approach, which also models the effect of environmental covariates, can be
applied to both quantitative and qualitative traits
[Schaid et al., 2002].
In practice, even when family data are collected,
haplotype-based methods must incorporate the
effect of ambiguity in haplotype phase. This
uncertainty can be handled by treating the phase
as ‘‘missing data’’ [Clayton, 1999; Schaid et al.,
2002] and estimating the frequency distribution of
the haplotypes by likelihood-based methods.
From this comes the probability that the observed
multilocus genotype resolves into each pair of
haplotypes consistent with the genotype. These
probabilities are used to weight the likelihood
contribution for each consistent configuration.
Regardless of the planned statistical analysis,
the more family members genotyped, the greater
the restrictions on the haplotypes consistent
with the multilocus genotypes, and hence the
greater the power of the analysis to detect
significant associations between haplotypes and
phenotypes.
For a small stretch of DNA, the number of
common haplotypes in the population is often
quite small [Gabriel et al., 2002]. Still, the number
of potential haplotypes grows exponentially in
the number of markers. Proposed methods for
analyzing haplotype data differ in how they cope
with the large number of possible haplotypic
effects. Approaches range from directed comparisons to omnibus tests [e.g., Clayton, 1999], with
the accompanying differences in interpretability.
Ideally there would be some way of focusing
tests on particular haplotypes or sets of haplotypes, thereby increasing both the power of
the test and the interpretability. For example,
Clayton and Jones [1999] suggested limiting the
number of parameters by using a random-effects
model.
The cladistic-based association analysis pioneered by Templeton et al. [1987] is another
option. It has two notable features: the
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distribution of phenotypes within the cladogram
directs the search for causal polymorphisms,
while the evolutionary relationships can be
used to direct analyses to reduce the number of
comparisons, thereby potentially increasing
the power. Methods were developed for population-based samples on which either quantitative
or qualitative outcomes were measured [Templeton et al., 1987, 1988, 1992; Templeton and Sing,
1993; Templeton, 1995]. Seltman et al. [2001]
extended cladistic-based analyses to family-based
designs [Spielman et al., 1993], with a single
affected offspring sampled from each family
to produce the evolutionary tree transmission
disequilibrium test (ET-TDT). Unlike the other
cladistic procedures mentioned above, this
method formally incorporated haplotype uncertainty into the test statistic. Simulations demonstrated that ET-TDT did indeed enhance
interpretability and sometimes power over a
TDT-based analysis.
Genetic studies, however, do not always fall
definitively into family-based or population-based
designs. Families consisting primarily of parents
and offspring or large sibships are generally
analyzed using family-based likelihood models
such as the TDT, and families consisting primarily
of singletons or small sibships without parents are
generally analyzed using population-based likelihood models. By directly allowing for missing
data, it is possible to analyze a broad range of
study samples with either approach. How such
data are analyzed follows from what assumptions
the investigators are willing to entertain. For
instance, if the population is likely to be relatively
homogeneous, then a population-based analysis
could be more appealing than a family-based
analysis, in the sense that it is likely to be more
powerful with little risk of false positives due
to population substructure [e.g., Bacanu et al.,
2000].
In this article, we set up notation and generalized linear models that facilitate cladistic analysis
of both family-based and population-based
study designs for quantitative and qualitative
responses, including case-control study designs.
As in ET-TDT, the tests fully incorporate haplotype uncertainty. The methods also allow for
environmental covariates and multiple siblings
per family. We also introduce software that
permits exploratory data analysis, which should
be helpful for directing inferences, data processing, and cleaning.
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METHODS AND RESULTS
HAPLOTYPES, CLADISTIC ANALYSES, AND
SOFTWARE IMPLEMENTATION

In the ideal scenario for evolutionary-based
association analysis, the history of a sample of
haplotypes is represented by a simple coalescent
process. From an ancestral haplotype, mutations
lead to the observed diversity of haplotypes, and
the history of these distinct forms can be summarized in a cladogram. For instance, of the 11
haplotypes (A–K) depicted in Figure 1, those
connected by an edge (line) differ by a single
mutation. Given that haplotype A is the ancestral
form, the evolutionary history is apparent. Suppose a candidate gene contains polymorphisms
having a direct impact on liability. These polymorphisms may or may not be genotyped;
regardless of whether they are, they will be
embedded in the evolutionary history of haplotypes comprising the cladogram. For instance, if a

Fig. 1. Cladogram of haplotypes A–K.

deleterious mutation occurred after the evolution
of haplotype B and before haplotype C, then this
mutation will be embedded in the clade represented by haplotypes (C,E,F,G). This emphasizes
the major advantage of measured haplotype
analysis, which is to direct the search for variants
having a direct impact on liability through the
pattern of association found over related haplotypes.
We next present a worked example of cladistic
analysis and a description of new software to
implement those analyses, named the Evolutionary-Based Haplotype Analysis Package (EHAP).
In this simulated example, we generate a population from which 200 case and 200 control
individuals are sampled and two additional
covariates measured. Nine SNPs within a candidate gene are genotyped on this sample. The
response variable is binary (case/control), and a
logit model is fit to the data. The simulation
mimics the evolutionary scenario described above,
in which a liability mutation occurs on haplotypes
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(C,E,F,G). For the example, we take the cladogram
depicted in Figure 1 as given. After presenting the
example, the workings of EHAP will be described
in more detail, from the initial input of genotypic
data to the production (or input) of the cladogram,
and finally to the association analysis.
To perform a cladistic analysis, a cladogram
is divided into subgroups (clades) by an algorithm
developed by Templeton et al. [1987]. The individual haplotypes occurring as leaves (terminal
nodes) on the tree represent 0-step clades. The
1-step clades are produced by moving backward
one mutational step from the 0-step clades toward
internal nodes. Repeating this procedure, the
1-step clades cluster to produce the 2-step clades,
and so forth. For example, in Figure 1, 0-step
clades are E, F, G, H, I, J, and K; 1-step clades are
(C, E, F, G), (B, K), (A, H, I), and (D, J); 2-step clades
are (B, C, E, F, G, K) and (A, H, I, D, J); and the
3-step clade is the entire cladogram.
Rather than perform an omnibus test to determine whether the effects of the haplotypes in the
cladogram differ significantly, a series of 1 degreeof-freedom (df) tests is performed. Here we
describe the sequential testing procedure known
as the cladogram-collapsing algorithm in the context
of Figure 1. At each step in the algorithm, a ‘‘full
model’’ is required. The full model is the same
within each step, but changes between steps,
conditional upon the results of the previous step.
Let bj denote the parameter associated with the
phenotypic effect of the j’th node/haplotype.
0-step. Begin with a full model with distinct
parameters at all 11 nodes of the cladogram. Test
whether any of the 0-step clades has an effect equal
to the nearest internal node. For example, compare
the effects of nodes E and C: H0 : bE ¼ bC . Each of
the seven tests has 1 df, and they are performed
independently (Table 1).
1-step. Next, conditional on the previous results,
the new full model sets the appropriate parameters
as equal. For instance, in this example, no tests are
rejected at the 0-step stage; we set bA ¼ bH ¼ bI ,
¼ bB ¼ bK , bC ¼ bE ¼ bF ¼ bG , and bD ¼ bJ . The
resulting model has four distinct parameters, bA ,
bB , bC , bD . Two tests are performed: one comparing
bB ¼ bC , and other comparing bA ¼ bD ; the former
hypothesis is rejected (Table 1).
r-step. In general, at the r’th step, the new full
model sets the appropriate parameters as equal.
Tests are performed for the equality of the parameters associated with the r-step clades within the
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TABLE I. Cladistic Analysis of Simulated Case-Control
Data From Cladogram in Figure 1, Using a Likelihood
Ratio Test and Logistic Regressiona
Model
0-step

H1:
H0:
H0:
H0:
H0:
H0:
H0:
H0:

A, B, C, D, E, F, G, H, I, J, K
E¼C; A, B, D, F, G, H, I, J, K
F¼C; A, B, D, E, G, H, I, J, K
G¼C; A, B, D, E, F, H, I, J, K
H¼A; B, C, D, E, F, G, I, J, K
I¼A; B, C, D, E, F, G, H, J, K
J¼D; A, B, C, E, F, G, H, J, K
K¼B; A, C, D, E, F, G, H, I, J

Parms P-value
11
10
10
10
10
10
10
10

0.585
0.709
0.636
1.000
0.045
0.499
0.101

1-step

H1: (C, E, F, G), (B, K), (A, H, I), (D, J)
H0: (C, E, F, G)¼(B, K); (A, H, I), (D, J)
H0: (A, H, I)¼(D, J); (C, E, F, G), (B, K)

4
3 0.000000002
3 0.082

2-step

H1: (A, D, H, I, J), (B, K), (C, E, F, G)
H0: (A, D, H, I, J)¼(B, K); (C, E, F, G)

3
2 0.817

a
In this shorthand, A refers to parameter associated with
haplotype A (or effect of A on response variable), B the parameter
associated with haplotype B, and so on; ‘‘A¼B; C, D,y, K’’ refers
to a test of equality of parameters for haplotypes A and B in a
model for which each other specified haplotype, C, D,y, K, has a
corresponding parameter fitted in GLM model. A set of
haplotypes in parentheses, (A, B, C), indicates the model will be
constrained so that haplotypic effect of each node in the set is
equal. Parms indicates number of parameters in GLM model for
haplotypes under each set of constraints. In this example, the
model reduces from 11 parameters to two parameters: (A, B, D, H,
I, J, K) and (C, E, F, G).

ðr þ 1Þ-step clades. In the example, at the 2-step
stage, a single test comparing bB ¼ bA is conducted
(Table 1).
To avoid false positives from multiple testing, a
Bonferroni correction should be taken to account
for the ðM  1Þ tests conducted for a cladogram
with M nodes. By default, EHAP implements
Bonferroni corrections for its tests. For small
samples, a permutation test is preferable to the
asymptotic procedures described; for details, see
Seltman et al. [2001].
In the example, it follows that in the process of
moving through the tests defined by this 11-node
cladogram, 10 one-degree-of-freedom tests are
conducted, rather than a single omnibus 10degrees-of-freedom-test. At its conclusion, EHAP
produces estimates of the parameters for a model
with an intercept term, a single parameter
describing the clade C haplotype effects
(bC ¼ 1:19) and the coefficients for the nongenetic
covariates; the coefficient for clade A is set to zero,
to ensure identifiability of the model. Overall, we
conclude that there is an association with the trait
under investigation (P-value ¼ 0.000000002), and
the effect is attributed to clade (C, E, F, G). As the
next step in the analysis, it would be desirable to
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sequence the haplotypes to discover whether any
polymorphisms are associated almost exclusively
with this clade. Alternatively, there could be a
protective variant associated with the opposite
clade.
EHAP

In previous research [Seltman et al., 2001] and in
this sequel, we lay out a theoretical framework
that uses evolutionary relationships among haplotypes to determine whether certain haplotypes
are associated with a liability to disease. Prior to
any association analyses, however, certain challenges must be met. For example, due to haplotype uncertainty, some haplotypes could be
consistent with observed multilocus genotypes,
yet they are either very rare or absent from both
the sample and the population from which the
sample was drawn. Analysts will have to make a
decision about what to do with these haplotypes.
One possibility, which we favor, is to treat the
haplotypes as if they were absent from the
population and, when necessary, discard the data
from those few individuals whose multilocus
genotypes can only be explained by those rare
haplotypes. After establishing the set of extant
haplotypes, the parsimonious set of evolutionary
relationships among them can be a network
instead of a cladogram. The cycles of the network
must be broken, and the network simplified to a
cladogram before association analysis. Such challenges can be overcome, but they require much
from the genetic analyst.
EHAP, a freely available software package,
contains an evolving set of tools to address
these challenges. At the present time, EHAP is
capable of performing all analyses to be described
here, as well as ET-TDT analyses described
previously [Seltman et al., 2001], and it contains
a variety of tools and functions to facilitate
evolutionary-based analyses.
EHAP takes data in ‘‘prelinkage’’ format [Ott,
1991], which is standard now for programs such
as GeneHunter [Kruglyak et al., 1996]. To infer the
set of haplotypes present in the sample, EHAP
will produce, for each individual in the sample,
the list of all haplotype pairs consistent with the
individual’s multilocus genotype and that of any
other family members who are genotyped. EHAP
uses the Lange-Gordia algorithm, as described
by O’Connell [2000], which assumes no contemporary recombination. These results, together with
an implementation of the EM algorithm, yield

maximum likelihood estimates of haplotype frequencies. Unlike most other software, there are no
restrictions on the type of locus comprising the
haplotype. The user can eliminate rare haplotypes;
EHAP will report which families are inconsistent
with the limited set of possible haplotypes. In
this way, EHAP also provides general checks for
genotype errors because it provides this information for any set of haplotypes, including all
possible haplotypes. At the present time, the
algorithm for determining haplotypes compatible
with multilocus genotypes is not optimized, so
large problems can tax both the user’s patience
and the computer’s memory. Optimization of the
kind proposed by Niu et al. [2002] is planned for
future releases.
On the basis of the set of haplotypes in the
sample, or any subset thereof supplied by the user,
EHAP produces a distance matrix in terms of
weighted differences between haplotypes (default
or user-supplied weighting scheme). It then uses
the distance matrix to graphically connect similar
haplotypes. ‘‘Similarity’’ is defined either using a
default standard of connecting haplotypes differing by a single mutation (Fig. 1) or a user-defined
criterion. Users can manipulate the graphic for
optimal presentation. For our example, the default
for EHAP reveals Figure 1, but with a loop that
connects haplotypes A, B, K, D. Incorporated into
EHAP are algorithms by Crandall and Templeton
[1993] for breaking loops in graphs to produce
cladograms. Consistent with evolutionary theory
that older haplotypes should occupy internal
nodes in cladograms, Crandall and Templeton
[1993] argued that three key features can be used
to establish which edges to break: older haplotypes tend to be more common in the population
than are more recently derived haplotypes; older
haplotypes also tend to have more unambiguous
descendants; and older haplotypes tend to be
more centrally located within a network. By these
criteria, EHAP breaks the edge between D and K
to reveal an unrooted tree. In future releases of
EHAP, additional algorithms will be provided
for the purpose of choosing the cladogram; for
example, we plan to incorporate recent results
about aging haplotypes on the basis of additional
molecular variants embedded in the haplotypes
[Slatkin and Rannala, 1997]. Users can also input
any cladogram, such as one obtained from other
software. This feature allows the user to evaluate
the robustness of the results by exploring a set of
cladograms. By appropriate construction of pseudo-cladograms, the user can also contrast the

Evolutionary-Based Association Analysis

effects of haplotypes of interest, even without an
evolutionary hypothesis.
In a future release of EHAP, we plan to
incorporate the logic of median-joining networks
[Bandelt et al., 1999] to fill in any haplotypes
required to produce a single cladogram/network.
For the present time, users are referred to the
Network Analysis software of Bandelt et al.
[1999]. Nonetheless, if portions of the cladogram
are vastly different, and intervening haplotypes
are largely absent, then it would likely be best to
analyze the clades separately. EHAP has this
option.
Results from the association analysis are presented in psuedographical form, with various
statistics (parameter estimates, test statistics, and
P-values) interspersed with graphical representation of the results and stage of the clade-collapsing
algorithm. Results of haplotype phase and EM
estimates of haplotype frequencies are written to
files, thus expediting additional analyses of the
data.
LIKELIHOOD

Consider a sample of N nuclear families,
sibships, or singletons, indexed by i, each with ni
sampled siblings. (Note that we can consider a
population sample of size N to be a sample of N
families of size 1.) We assume for the moment that
the sample is drawn randomly from a population;
later, we discuss how nonrandom sampling works
into the analysis.
Our objective is to formulate a probability
model for the phenotypes and genotypes observed within each family. A natural model is
based on the link between an individual’s haplotypes and resulting phenotype. The ambiguity
due to haplotype phase uncertainty is then
accounted for via the missing-data principle. For
the ith family, let Pi denote the set of haplotype
configurations mutually consistent with the parents and all the sampled offspring, i.e., each entry
l 2 Pi denotes a set of haplotype pairs consistent
with the measured genotypes and satisfying the
laws of inheritance. Let LiðlÞ be the joint likelihood
for the phenotype and the l’th haplotype configuration for the i0 th family. Under certain assumptions about missing data (i.e., data missing at
random), Li can be computed directly from LiðlÞ .
Due to correlation in genotypes and phenotypes among family members, LiðlÞ cannot be
obtained directly by taking the product of
the likelihood contributions obtained from each
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sibling LijðlÞ ; j ¼ 1; . . . ; ni . Consequently, for experimental designs that ascertain multiple siblings per
family ðni 41Þ, test statistics must account for the
correlation among siblings. At least two analytically convenient options present themselves.
With the composite likelihood score approach, the
‘‘likelihood of the family’’ is computed by taking
the product of likelihoods over family members
j ¼ 1; . Q
. . ; ni as if they were independent:
LiðlÞ  j LijðlÞ . An empirical calculation of the
variance of the score accounts for the ignored
correlation and yields a test of appropriate size [cf.
Clayton, 1999]. With the biometric likelihood ratio
approach, the correlation among siblings is incorporated directly into the joint likelihood [cf.
Abecasis et al., 2000]. This approach is potentially
more powerful, but has two drawbacks. The
model only applies naturally when the phenotypes are assumed to follow the normal distribution. Moreover, this approach is less robust to
misspecification of the correlation matrix. Other
options for modeling correlation among family
members are also available [e.g., Slager and
Schaid, 2001], but we do not pursue them here.
POPULATION-BASED SAMPLES

A population-based sample consists primarily
of one or more siblings drawn from each of n
unrelated families. Multilocus genotypes and
phenotypes are measured on the generation under
investigation. If another generation is sampled for
some of the families, their genotypes can be used
to limit Pi . Phenotypes may be quantitative,
qualitative (affected/unaffected), or count data.
Let Hij denote the pair of haplotypes possessed
by the j’th individual in the i’th family, and let Yij
denote the corresponding phenotype. A set of
environmental covariates such as sex and age,
denoted by ðCij1 ; . . . ; Cijm Þ, might be measured as
well.
Suppose there are K distinct haplotypes in
the population. Let ck , k ¼ 0; . . . ; K  1 denote
the relative frequency of haplotype k in the
population under investigation. Assuming Hardy
Weinberg equilibrium,

2ca cb if aab
Pr½H ¼ ða; bÞ ¼
ð1Þ
c2a
if a ¼ b:
For the j’th offspring in the i’th family,
let Xijr¼number of ‘‘r’’ haplotypes minus one.
The distribution of the phenotype Yij , given
the haplotype, is assumed to be described by
a generalized linear model (GLM) with link
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P
function gðmij Þ ¼ Zij ¼ r br Xijr þ aT Cij , where
C ¼ð1; Cij1 ; . . . ; CijmÞT . We model the phenotype
using a generalized linear model (GLM),
fðyij jHij ¼ lÞ
¼ expf½yij Zij  bðZij Þ=aðfÞ þ cðyij ; fÞg ð2Þ
[McCullagh and Nelder, 1983].
These two features define the full likelihood
model for the j’th subject within family i, and it
factors into two components, each of which
depends on a distinct set of parameters:
Likðw; a; b; f; Hij ; Yij Þ ¼ Likðw; HÞ  Likða; b; f; Y; HÞ
ð3Þ
L ¼ LðHÞ  LðYjHÞ :
If haplotypes were directly observable, then
inferences would be based solely on LðYjHÞ , the
conditional likelihood of Y, given H. Because
of haplotype uncertainty, it is convenient to
base the likelihood on the joint probability of the
phenotype and genotype. For ni ¼ 1; y; LiðlÞ is the
product of (1) and (2). The desired likelihood can
be obtained directly by summing LiðlÞ over all
haplotypes
consistent with the observed genoP
type: l2Pi LiðlÞ [Little
hP and Rubin, 1987]. It follows
i
that log Li ¼ log
Pr½H
¼
lfðy
jH
¼
lÞ
, and
i
i
i
l2Pi
the full loglikelihood is of the form
"
#
X
X
‘¼
ð4Þ
log
LiðlÞ :
i

l2Pi

For ni 41, the approach is similar, but one can
account for correlation among family members
by either taking the composite likelihood score
approach or the biometric likelihood ratio approach, both of which are developed in detail
shortly.
Throughout the preceding text, we assumed
that the sample of families is drawn randomly.
This assumption does not hold for many designs,
such as case-control studies. With a case-control
study, the phenotype is fixed by design, and the
response is H. To utilize the GLM model, we
implement the traditional approach of moving
from a retrospective likelihood to a prospective
likelihood (i.e., switching the conditioning from
HjY to YjH). Under certain sampling schemes, and
provided no inferences are drawn about the
intercept term in the likelihood, this widely used
approach has no adverse inferential consequences
[e.g., Breslow and Day, 1980; Roeder et al., 1996].
One complication for this implementation is that
the estimated distribution of haplotypes will be
obtained from a population rich in cases; however,
because this is the population for which we wish

to impute missing data, this seems appropriate.
For some sampling schemes, such as pedigrees
selected to be dense in affected individuals,
parameter estimates can be biased. This bias does
not affect the validity of the test.
FAMILY-BASED SAMPLES

A family-based sample is a set of independent
nuclear families with zero, one, or two parents
and one or more siblings sampled. Multilocus
genotypes are measured on available parents and
offspring, while the phenotypes usually are
sampled for offspring only. Phenotypes may be
quantitative, qualitative (affected/unaffected), or
count data.
For this study design, haplotypes are observed
over two generations, both of which directly enter
the likelihood. Let H represent the haplotypes of
the parents ðPGÞ and offspring ðCGÞ. The likelihood contribution for the i’th family from the
genetic observations is
ðHÞ

Li

¼ PrðPGi Þ

ni
Y

PrðCGij jPGi Þ:

ð5Þ

j¼1

The first term is calculated using (1), and the
second is computed using Mendelian probabilities.
ðYjHÞ
To obtain LijðlÞ , define Nijr for the j’th offspring
in the i’th family as the number of ‘‘r’’ haplotypes
minus one. Label the analogous terms for the
maternal and paternal parent as NiMr and NiPr,
respectively. Define covariates for the model using
the quantities analogous to those used in Abecasis
et al. [2000]: Zir¼(NiMr+NiPr)/2, and Xijr¼NijrZir .
The former is the expectation of each Nijr,
conditional on the average parental haplotype
count, and the latter is the deviation from this
expectation for offspring j. In particular, Z
measures between family associations, while X
measures within family associations. Interest is
focused on the coefficients of Xijr. Incorporating
Zir into the model reduces the chance of detecting
spurious associations due to population substructure [see Abecasis et al., 2000].
Given Hij, the model for the phenotype of the
j’th child is assumed to be described
by a GLM
P
with link function gðmij Þ ¼ Zij ¼ r fbr Xijr þ gr Zir g
þaT Cij , where Cij ¼ ð1; Cij1 ; . . . ;Cijm ÞT : If there is
no population substructure, family-based analyses
are usually inefficient relative to populationbased analyses [Bacanu et al., 2000]. One source
of lost efficiency can be seen by considering a
family constellation in which both parents and the
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child are homozygous for a ‘‘liability haplotype,’’
labeled r. In this case, Xijr¼0, and this family
contributes no evidence regarding the existence of
a liability allele in the region. Indeed, all evidence
of an effect due to the r’th haplotype obtained
from this family is absorbed into the term gr : The
coefficient for gr may be highly significant, but
this effect is potentially confounded with population substructure [Abecasis et al., 2000], and hence
the effect is not tested in a family-based study.
As in the population-based samples, when there
is no haplotype uncertainty, the likelihood factors
into two components, as in (3). To account for
haplotype uncertainty, inferences depend upon
the haplotype frequencies in the population, using
(5) rather than (1) in (3).
When the response is affected/unaffected, it is
illustrative to contrast this design and method of
analysis with the traditional TDT. For the latter,
each offspring is, by design, affected by the
disease, and the response variable is transmission/nontransmission. Hence the TDT likelihood
is based on Pr(CG|PG), assuming the child is
affected. With the GLM approach, both affected
and unaffected siblings are readily incorporated
into the analysis, transmission status is a covariate, and status is the response. Population
substructure is taken into account by incorporating the extra covariate Zir, which conditions on the
parental genotypes. Because the GLM treatment
requires some affected and unaffected responses,
it is not applicable to data from affected individuals only. Nonetheless, such data can be analyzed by the ET-TDT model [Seltman et al., 2001],
which is implemented in EHAP.
INFERENCES
Cladogram analysis. First consider populationbased designs. As part of the cladogram
collapsing algorithm, we wish to test if an
external clade T has the same b as an internal
clade, S. If at the current stage of the cladogram-collapsing algorithm there are R+1 clades,
L(Y/H) is parameterized by R+1 b’s measuring
haplotype effects, but only R are identifiable. To
ensure identifiability, set bS¼0. In addition, let
bT¼d. Under the null hypothesis, d¼0, but under
the alternative hypothesis, d is unconstrained.

As the cladogram collapses, Nijr collapses and
the corresponding covariate Xijr is redefined. As
one moves through the steps of the cladogramcollapsing algorithm, different nodes (clades) will
take on the parameter d, and different clades will
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be constrained to have a common effect. Parameters ðd; bu1 ; . . . ; buR1 Þ correspond to the haplotypes clustered into R+1 clades, where each node
within a clade is constrained to have an identical
b. Define h ¼ ðbu0 ¼ d; bu1 ; . . . ; buR1 ; aÞ to include
all the parameters in L(Y|H) except f. We exclude f
because it is a constant for binomial and Poisson
models; for the normal model, f is the the sample
variance, which is orthogonal to the mean parameters. Hence we do not need to include it in the
score vector below.
In family-based designs, we follow the same
basic algorithm, except that we also have a gr
corresponding to each clade. We expand h to
include c. To ensure identifiability, we set g0 ¼ 0.
As the cladogram collapses, again Nijr collapses,
and the corresponding covariate Xijr is redefined
according to the clades. Although the vector b is
updated to bu , the vector c does not adjust as the
dimension of the problem changes. Specifically, X
is redefined relative to a Z that has been collapsed
into the appropriate clades, but the Z entered as a
covariate in the model is unchanged as the
cladogram collapsing algorithm progresses. In
this way, X represents a deviation in a child’s
genotype relative to the expectation given the
parents, all based on the existing collapsed
cladogram. The purpose of this covariate is to
explain effects due to population substructure.
The covariates associated with Z are not tested,
and hence the partition defined by the original
cladogram is unchanged as one proceeds through
the cladogram-collapsing procedure.
Composite likelihood score approach. For the
i’th family, recall that Pi represents the sets of
haplotypes consistent with the observed data. To
compute the composite likelihood for l 2 Pi,
multiply the individually obtained likelihoods.
Formulas for the composite likelihood and the
corresponding score and information matrix
are provided in Equations (6–8), respectively, in
ðYÞ
the Appendix. For l 2 Pi write uiðlÞ ¼ @liðlÞ =@y. The
score for the i’th family is obtained by taking a
weighted average of the partial score
P obtained
for each consistentPscenario: uPi ¼ l2Pi wiðlÞ uiðlÞ ,
where wiðlÞ ¼ LiðlÞ = l2Pi LiðlÞ . (Note: LiðlÞ is the full
composite likelihood for the i’th family evaluated
for l 2 Pi.) The total score vector, u, is obtained by
summing
the contributions over all families:
P
u ¼ i uPi .
For inferences, the natural partitioning of h is
ðd; kÞ, where d is the parameter of interest, and
k ¼ ðbu1 ; . . . ; buR1 ; a; cÞ; u is similarly partitioned,
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u ¼ ðud ; ul ÞT . The other parameters in the model,
ðw; fÞ, constitute the additional set of nuisance
parameters.
The matrix of negative second derivatives
of log LðYjHÞ with respect to h for a single
haplotype configuration is denoted by JðlÞ (see
Appendix). As described in Clayton [1999],
the corresponding term for the entire set of legal
configurations
for the i’th family P i is JP i ¼
P
P
T
T
w
J
f
iðlÞ
iðlÞ
l2P i
Pl2P i wiðlÞ uiðlÞ ðuiðlÞ Þ uP i ðuP i Þ g.
Finally, J ¼ i JP i . A robust estimate of the
variance of PuPi can be computed empirically,
using V ¼ i uP i ðuP i ÞT 2N1 uuT . For inferences,
J and V are also partitioned by ðd; k).
The standard arguments used to obtain the
score test apply here, but with a slight modification because V is not identical to J. This difference
occurs because we used the composite likelihood
rather than the true likelihood (see Clayton [1999]
for another application of this principle). Define
^ ;w
^0 ; f
^ Þ as the maximum likelihood estimators
ðk
0
0
for ðk; f; wÞ when d ¼ 0. It can be shown that the
score test for testing d ¼ 0 in the presence of the
^ 0; w
^0 ; f
^ 0 Þ=V
~ d;d ,
nuisance parameter k is u2d ðd ¼ 0; k
1
1 T
~
where
Vd;d ¼ Vdd þ Jdl Jll Vll ðJll Þ ðJdl ÞT 
1
T
T
Jdl Jll Vld  Vdl ðJ1
ll Þ ðJdl Þ . The latter term is
^ ;w
^0 ; f
^ Þ. For large
also evaluated at ðd ¼ 0; k
0
0
samples, the score test is a one-degree-of-freedom
test which is distributed as a w21 under the null
hypothesis. For small samples, a permutation test
can be performed. For details concerning how to
obtain an overall P-value for the series of tests
performed, see Seltman et al. [2001].
Biometric likelihood ratio approach. With this
approach, the cladogram again defines a sequence
of tests, but the tests are now based on a likelihood
that incorporates the covariance among siblings.
In addition, we utilize likelihood ratio tests
instead of score tests; however, the corresponding score tests should yield similar results.
Following the additive biometric model [Falconer, 1989], it can be assumed that the covariance
within sibships is explained by three terms: the
additive genetic variance ðs2a Þ, familial effects due
to shared environment ðs2s Þ, and residual variability ðs2e Þ. With this model, the variance-covariance terms for siblings within a family is
 2
sa þ s2s þ s2e if j ¼ j0
Oijl ¼
1=2s2a þ s2s
if jaj0 :
The biometric model is a natural choice only
for quantitative traits that are approximately
normally distributed. Using the covariance terms

above and assuming that the vector of traits
measured for the i’th family is normally distributed, it follows that the likelihood contribution
ðYjHÞ
Li
from the family as a whole is of the form of
a multivariate normal distribution, with siblings
having equicorrelation.
The full loglikelihood is given in (4), and
^; w
^; f
^ Þ
the likelihood ratio test is 2½‘ð^d; k
^
^
^
^
^
^
‘ð0; k0 ; f0 ; w0 Þ, where ðk0 ; f0 ; w0 Þ are the constrained maximum likelihood estimates for the
nuisance parameters when d ¼ 0. For large samples, this statistic is approximately w21 under the
null hypothesis.

DISCUSSION
For a sample consisting of trios of parents and
their affected offspring, and data consisting of
multilocus genotypes spanning a candidate gene,
we previously introduced ET-TDT [Seltman et al.,
2001] to assess the association between disease
status and haplotype transmission. ET-TDT used
the evolutionary relationships among haplotypes
to structure tests of significance, while also
accounting for haplotype uncertainty. In this
article, we generalize this approach via GLM
models for both family-based and populationbased samples. These models, which account for
haplotype uncertainty but also covariates and the
correlation among nuclear family members, are
implemented in the software package EHAP.
EHAP also contains accessory tools to facilitate
evolutionary-based analyses of haplotypes.
In theory, association analyses organized by the
evolutionary relationships among haplotypes are
expected to increase power in some settings
[Templeton et al., 1987]. More importantly, they
are more interpretable than standard analyses
because they more often identify the haplotype or
constellation of haplotypes bearing liability alleles
[Templeton et al., 1987; Seltman et al., 2001]. Still,
evolutionary-based analyses are not without caveats.
When a relatively large number of polymorphisms is genotyped over a small genomic region,
and many of the variants are not in absolute
disequilibrium, then the evolutionary relationships among the resulting haplotypes will be
specified by a complex cladogram or network,
with numerous nodes represented by only one
or a few sampled haplotypes. Such a sparsely
populated cladogram is not likely to be optimal
for statistical analysis. Instead, an optimal solution
might be to choose a subset of polymorphisms to

Evolutionary-Based Association Analysis

use for cladistic analysis, with the subset chosen to
represent the common haplotypes covering a
region. This problem is similar to the determination of haplotype blocks for genomic regions, and
various solutions have been proposed [Gabriel
et al., 2002; Zhang et al., 2002]. The other ‘‘ancillary’’
polymorphisms could be used to bolster inference
about the relationships among haplotypes (i.e., the
cladogram), as described in Methods and Results
under EHAP.
The fundamental organizing structure of these
analyses is the cladogram, which presumably
depicts the evolutionary relationships among
haplotypes. It should be recognized that determining the true evolutionary relationships among
haplotypes can be challenging, even with the best
of data. Several processes are assumed to be
negligible, key among them that recombination
and gene conversion in the region are rare and
thus have no material impact on the haplotype
distribution. Templeton et al. [1987] outlined
algorithms to check these assumptions. Crandall
and Templeton [1993] also provided algorithms
to bolster inference about cladograms, and
these algorithms are incorporated into EHAP.
Nonetheless, such algorithms are not sufficient
to guarantee ‘‘correct’’ evolutionary inference.
Interestingly, Seltman et al. [2001] explored
the impact of basing analyses on the wrong
cladogram. They found that while power and
interpretability are diminished, type I error is
unaffected. On the other hand, when the cladogram does depict the evolutionary relationships
among haplotypes, power and especially interpretability are enhanced substantially. In the
latter setting, our versatile software package
EHAP should prove to be a useful tool for
genetic epidemiologists who are searching for
the genetic and environmental basis of complex
disease.
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several parameters all constrained to be equal.
Conversely let Hð1Þ ðiÞ represent the position of bi
in bu for i 2 f0; . . . ; K  1g. For convenience,
define Hð1Þ ðiÞ ¼ 1 if i 2 S. Note that H0 is
equal to the haplotype(s) T, and Hð1Þ ðiÞ ¼ 0,
for all i 2 T.
Consider a single observation j within the i’th
family, and suppose l, which denotes haplotype
pair H ¼ ða; bÞ, is consistent with the observed
multilocus genotype. For all of the quantities
computed here, we drop the subscript ðlÞ for
notational convenience. One needs to compute the
terms below for all l 2 P i for each ði; jÞ.
u
u
Define Xij ¼ ½Xij1
; . . . ; XijR1
; 1; Cij1 ; . . . ; Cijm T ,
u
¼ IfH1 ðaÞ ¼ kg þ IfH1 ðbÞ ¼ kg  1
where Xijk
for the l’th configuration for individual j in
family i, and Ifa ¼ bg is an indicator function
that is one when a ¼ b and zero otherwise. Note
that Xij is the design matrix corresponding to
h : Zij ¼ hT Xij .
Now for the i’th family, the composite likelihood for the i’th family is
ðYjHÞ

LiðlÞ

¼

ni
X

expf½yij Zij  bðZij Þ=aðfÞ

j¼1

þ cðyij ; fÞg;
uiðlÞ

ni
X

XTij f½yij  b0 ðZij Þg=aðfÞ;

ð6Þ
ð7Þ

j¼1

and
JiðlÞ ¼

ni
X

b00 ðZij ÞXij XTij =aðfÞ:

ð8Þ

j¼1
u
Family-based design. Let Xijk
be defined
analogously to the population-based covariates,
so that it conforms to the cladogram’s
form. It follows that Xuij is naturally defined as
u
u
½Xij1
; . . . ; XijR1
; Zij1 ; . . . ; ZijK1 ; 1; Cij1 ; . . . ; Cijm T .
Definitions of the score and information matrices
can be obtained readily, as in the populationbased case.

ELECTRONIC DATABASE INFORMATION

APPENDIX
SCORES AND INFORMATION MATRICES
Population-based design. Let Hi represent the
one or more haplotypes corresponding to bui
for i 2 f0; . . . ; R  1g, so that bHi may represent

EHAP, a software package capable of performing all the analyses described here, can be
downloaded from http://wpicr.wpic.pitt.edu/
WPICCompGen/. The Network Analysis software
of Bandelt et al. [1999] can be found at http://
www.fluxus-engineering.com/.
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