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Abstract

We review methods for relating the risk of disease to a
collection of single nucleotide polymorphisms (SNPs)
within a small region. Association studies using case-
control designs with unrelated individuals could be used
either to test for a direct effect of a candidate gene and
characterize the responsible variant(s), or to fine map an
unknown gene by exploiting the pattern of linkage dis-
equilibrium (LD). We consider a flexible class of logistic
penetrance models based on haplotypes and compare
them with an alternative formulation based on unphased
multilocus genotypes. The likelihood for haplotype-
based models requires summation over all possible hap-
lotype assignments consistent with the observed ge-
notype data, and can be fitted using either Expecta-
tion-Maximization (E-M) or Markov chain Monte Carlo
(MCMC) methods. Subtleties involving ascertainment
correction for case-control studies are discussed. There
has been great interest in methods for LD mapping
based on the coalescent or ancestral recombination
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graphs as well as methods based on haplotype sharing,
both of which we review briefly. Because of their compu-
tational complexity, we propose some alternative empir-
ical modeling approaches using techniques borrowed
from the Bayesian spatial statistics literature. Here, space
is interpreted in terms of a distance metric describing the
similarity of any pair of haplotypes to each other, and
hence their presumed common ancestry. Specifically,
we discuss the conditional autoregressive model and
two spatial clustering models: Potts and Voronoi. We
conclude with a discussion of the implications of these
methods for modeling cryptic relatedness, haplotype
blocks, and haplotype tagging SNPs, and suggest a

Bayesian framework for the HapMap project.
Copyright© 2003 S. Karger AG, Basel

Introduction

Because of their high density throughout the human
genome (about one every 200 base pairs [1]), relative ease
of high-throughput genotyping, and rapidly growing cata-
logs of variants [2], single nucleotide polymorphisms
(SNPs) are ideally suited for testing candidate gene asso-
ciations and for linkage disequilibrium (LD) mapping of
unknown genes. Furthermore, the recent recognition that
LD tends to be concentrated in blocks of limited haplo-
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type diversity has sparked great interest in the use of
haplotypes for both purposes. We review here a broad
range of methods that have been proposed for haplotype
association studies, with particular emphasis on Bayesian
methods. We begin, however, with a general likelihood-
based framework for inference on haplotype associations
in case-control studies using unrelated individuals.

Genotype-Based and Haplotype-Based
Penetrance Models

Let Y; denote the phenotypes of a sampleofi=1, ..., n
subjects. For most purposes, we will restrict attention to
case-control data, where Y = 1 indicatesacaseand Y=0a
control, although the general linear model we propose can
be applied to most any phenotype by appropriate selec-
tion of a link function. Suppose we also observe for each
subject a vector of / = 1, ... L SNP genotypes G; = (Gy),
where Gj; = 0, 1, 2 indicates the number of copies of a
particular allele (conventionally, the rarer allele). Using
standard logistic regression approaches, we might consid-
er a penetrance model of the form

logit Pr(Y; = 1|G;) = o + X B Z(G) + .. (1
!

where Z(G') denotes some coding of the genotypes incor-
porating any assumptions about dominance and ‘..." indi-
cates the possibility of including covariates or additional
locus-by-locus or gene-environment interaction terms.
We call this a genotype-based model and note that such an
approach does not require knowledge of the genotypes’
phase, i.e., how they are arranged into haplotypes. We
contrast this approach with a haplotype-based model of
the form

logit Pr(Y; =1 |H;) = y0 + Yy + Vhy + - 2)

where H; = (h;1, hp) designates a pair of haplotypes / in
the space H of all haplotypes represented in the popula-
tion. Since these haplotypes can usually not be deter-
mined with certainty from the observed genotypes, the
full ‘prospective’ likelihood is given by

Ly (n9=Pr(Y,G)=]1 X Pr(Y;[H;=h; )Pr(H;=hl|q) (3)

i=1 h~G;
where the summation is over the set h ~ G; of haplotype
pairs that are compatible with each individual’s observed
genotypes (where genotypes are missing, the summation
would be over all haplotypes that are compatible with the
available genotype data). In addition to the haplotype rel-
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ative risks 7, this likelihood is also a function of the popu-
lation haplotype frequencies q = (g)neH; assuming the
population is in Hardy-Weinberg (H-W) equilibrium,
Pr(H|q) = g, gp,.

We can fit the model using the E-M algorithm [3-6],
provided the number of loci (or haplotypes) is not too
large. This is commonly done using a two-stage proce-
dure, in which q is first estimated from the controls (or in
the total sample ignoring the phenotypes) and then
treated as fixed in a score test of Hy : y = 0 based on likeli-
hood (3). The justification of combining cases and con-
trols in this test is that under H, there is no difference in
haplotype frequencies between the two groups, but this is
of course violated if the aim is estimation of y rather than
hypothesis testing. Stram et al. [7] have extended this bas-
ic E-M approach to a single-stage joint estimation of yand
q. Their E-step entails calculation of the expectation of the
number of copies N;(G;) of each haplotype & € H given
both G, and Y, conditional on the current estimates of the
parameters, and the M-step entails maximization of the
complete-data likelihood for ¥ and q using these expecta-
tions.

This calculation can become unwieldy if there are a
large number of possible haplotypes, although in practice
the number that are actually observed in human popula-
tions over reasonably small regions tends to be modest,
even if many SNPs are included [8, 9], and in any event
the analysis could always be restricted to the subset of
those with some minimal estimated population frequen-
cy. (We will revisit this issue when we consider haplotype
block structure below.) No such restriction is needed,
however, if Markov chain Monte Carlo (MCMC) meth-
ods are used [10-12]. Here, the basic idea is to alternate
between sampling from [H;|G;, Yi; ¥, ql, [7{Y:, H;}], and
[q|{H;}], where [- |-] denotes the respective full condition-
al distributions. The first of these updates can easily be
done by a Metropolis-Hastings step, proposing a switch of
the alleles at a single locus or a contiguous segment. The
remaining updates use standard MCMC moves. We have
implemented similar MCMC approaches to haplotype
assignment in pedigrees, where a change to any individu-
al’s haplotype must be propagated through the rest of the
pedigree and the Hastings ratio is now also a function of
the recombination fractions. Yet another approach uses
estimating equations methods [13].

A number of authors have considered the relative effi-
ciency of genotype-based and haplotype-based models [5,
14-18]. Because LD between individual SNPs is typically
too high to fit multiple logistic models involving all SNPs
simultaneously, most of these authors have compared a
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haplotype-based model (typically a multiple degree of
freedom test) against the best-fitting single-SNP models
with Bonferroni correction for multiple comparisons. Of
course, it is also necessary to sum over the unknown
phases in any haplotype-based test. Results of such com-
parisons have been variable, depending upon the specific
tests compared and what is assumed about the extent of
LD and the causal model for penetrance. If LD is high and
a single haplotype contains the causal variant, a haplo-
type-based test can be more powerful, despite the larger
degrees of freedom and the uncertain phases. On the other
hand, if LD is low (so that phase is difficult to infer) or if
there is a single causal variant among the set of available
SNPs and its effect is spread out over a number of differ-
ent haplotypes, then a genotype-based test can be more
powerful.

Conti and Witte [19] have proposed a hierarchical
genotype-based model, in which each S is estimated uni-
variately in the first-level model, but a second-level
regression model of the form f ~ N (X'a, X(x)) is used to
smooth the ﬁs , where X 1s a matrix of ‘prior covariates’
for each SNP and X(x) is a covariance matrix that could
depend upon the location x of the postulated causal vari-
ant. For example, the prior covariates could include such
characteristics as the putative functional significance, the
location of a variant (e.g. which haplotype block it is
located in), or which common haplotype(s) contain the
variant. We are currently exploring extensions of this
approach to incorporate SNP x SNP interactions in the
hopes of capturing more of the information in haplotypes
without actually having to resolve phases. Bayesian model
selection or model averaging techniques [20, 21] may
prove useful here to allow for our uncertainty about
whether particular SNPs or interaction terms should be
included in the model (see also Conti et al. [22, this issue]
for an application of Bayes model averaging in a different
context).

Likelihoods and Case-Control Ascertainment

For logistic models with fully observed covariates,
such as the genotype model (eq. (1)), there is a well known
equivalence between the ‘prospective likelihood’ Pr(Y |G,
n(Y)) (where n(Y) denotes the number of subjects with
Y = 1) and the ‘retrospective likelihood’ Pr(G |Y) [23, 24].
Proof of this relationship is complex and relies on two key
observations: first, that the odds ratio for [Y|G] is the
same as the odds ratio for [G|Y]; and second, that consis-
tent estimates of the parameters of this odds ratio can be
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obtained by allowing the distribution of G to be unspeci-
fied or to depend on parameters that are independent of
the odds ratio. For further discussion in the context of
family studies see [25, 26]. This is the fundamental justifi-
cation for the appropriateness of the prospective likeli-
hood for case-control studies, even though it is Y that is
sampled and G that is observed.

For models with incompletely observed covariates,
such as the haplotype model (eq. (2)), this equivalence no
longer holds. The likelihood given in eq. (3) is appropriate
for cohort studies, but not for case-control studies without
additional correction for the differential sampling frac-
tions of cases and controls. Stram et al. [7] have shown
that naive application of the cohort likelihood to case-
control data can lead to substantial bias in the population
haplotype frequency estimates, essentially because the
high risk haplotypes are overrepresented in a case-control
sample. Because the estimates of y and q are not indepen-
dent, this can also lead to some bias in 7, although the
magnitude of this bias is generally small and depends
upon how accurately the haplotypes can be predicted
from the genotypes. This bias can be eliminated in three
ways. The standard conditional likelihood, Pr(Y|G,
n(Y)), can be computationally daunting for large strata
because of the need to sum over all possible permutations
of Y with the same #n(Y) as that observed [27]. A simpler
approach, but still prospective, is to condition on the mar-
ginal probability of each subject being ascertained,

Lpay(y, @) =Pr(Y|G, Asc) =

n

I Zh~g, oy, Pr(Yi|G;) Pr(H; = h)
i=1 thG’[ﬂ'] PI'(Y,‘= 1 ‘H, = h) + m PI'(Y[= O‘H[= h)] PI‘(H[= h)

where m; and m are the case and control sampling frac-
tions respectively. This likelihood requires knowledge of
the sampling fractions 7, which are readily available for a
nested case-control study within a cohort, but would
require knowledge of the marginal disease rate in the pop-
ulation for a conventional population-based case-control
study. Alternatively, the retrospective likelihood

2y - g, Pr(Y;|H; = h) Pr(H; = h)

L) (7, q) = Pr(G;|Y) =
o = (Y, = ) Pr(EL = )

“4)

can be used. Epstein and Satten [28] show that this likeli-
hood can be expressed in a simpler manner if parameter-
ized in terms of the haplotype frequencies in controls and
the odds ratios; this also avoids having to assume the
haplotypes are in H-W equilibrium. Kraft and Thomas
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[29] compare the performance of the retrospective and
(ascertainment-corrected) prospective likelihood ap-
proaches in the case of fully observed covariates and con-
clude that the latter often provides a more efficient esti-
mator of f, despite the need to address the additional q
parameters. Whether this is true in the case of incomplete-
ly observed covariates remains to be studied.

Multiple Comparisons and Bayesian Smoothing
or Clustering

If there are many haplotypes in H, we are confronted
with the related problems of multiple comparisons and
sparse data, for which Bayesian shrinkage estimators offer
a natural solution. In doing so, we wish to exploit the
notion that structurally similar haplotypes in the neigh-
borhood of a disease predisposing locus are more likely to
harbor the same susceptibility allele and hence to have
similar ys. This problem is very similar to that considered
in the Bayesian spatial smoothing and spatial clustering
literature, with diverse applications such as spatial mod-
eling of disease rates in environmental epidemiology [30-
33]. Thomas et al. [34] and Molitor et al. [35] considered a
conditional autoregressive (CAR) model of the form

y ~ N(0, 621 + 72W)

where W is a matrix of ‘similarities’ of each pair (4, k) of
haplotypes, such as the length L;.(x) of the segment
shared identical by state (/BS) surrounding a candidate
mutation location x. Standard MCMC methods are used
to update 7, o2, and 2. The location x is updated by a
Metropolis-Hastings move, proposing either a small ran-
dom walk in the neighborhood of the current location or
an entirely new location anywhere in the region.

More recently, we have been considering the Potts [36]
and Voronoi [37] spatial clustering models, of the form

logit Pr(Y; = 1|H;) = & + &, + 0,

where ¢, denotes the ‘cluster’ to which haplotype #
belongs and &, is a relative risk parameter common to all
haplotypes assigned to a particular cluster c. (As a further
generalization, one could allow y, ~ N (6, 02)). For the
Potts model,

Pr(c) = XLV Zh Wi () I = )]
YIC, y, W(x)]

where W[C, y, W(x)] is a normalizing constant equal to
the sum of the numerator over all possible partitions. This
leads to a simple expression for the full conditional distri-
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bution of the cluster assignment for any particular haplo-
type,

exply Zpx Winx) I(cy = c)]
281 exply Zp Wik(x) I(cp = ¢')]

Pr(cy=cle) =

but updates of the parameters C, y, and x involve the nor-
malizing constant ¥, which can be quite complex. In the
Voronoi model, haplotypes are assigned deterministically
to the cluster containing the ‘nearest’ ancestral haplotype
A.[38], thereby avoiding the need to consider any normal-
izing constants. As in the CAR model, MCMC methods
are used to update ¢, w, X, and A.. Reversible jump
MCMC methods [39] are needed to update the number of
clusters C, but these calculations are greatly simplified by
integrating out the ¥, as described by Denison and Holmes
[33].

One can combine the Potts and Voronoi approaches by
using the Voronoi model, but assigning haplotypes to cen-
ters probabilistically using a Potts model approach. Spe-
cifically, one can express the probability of haplotype
assignment to a cluster ¢ given the cluster center A, as

exply Z;, Wi(x, A.)]

Pr(cp=cle) =
2E_ explyWi(x, 40)]

Here the normalizing constant is simply a sum over the
number of clusters, not the sum over all possible haplo-
type allocations. By incorporating an extra step of esti-
mating latent cluster centers, we can reduce the dimen-
sionality of the parameter space.

Relationship to Coalescent Methods

We view the spatial smoothing and spatial clustering
approaches as a relatively simple ‘empirical’ approxima-
tion to the more formal coalescent methods that have
received a great deal of attention as a possible approach to
LD mapping [40-44]. The coalescent, introduced by
Kingman [45], describes the probability distribution for
the tree structure describing the ancestral relationships
between a present-day sample of haplotypes and their
most recent common ancestor (MRCA), together with the
associated times for coalescence of each pair of branches
and the mutation rate parameter. Kuhner et al. [46] and
Griffiths and Tavaré [47, 48] describe MCMC methods
for inference in coalescent models. Whereas the co-
alescent assumes that all the variation between present-
day haplotypes is due to mutation, a generalization
known as the ancestral recombination graph (ARG) al-
lows for both mutation and recombination, leading to a
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graph topology in which joins (moving backwards in time)
represent coalescence events and splits represent recom-
binations [49-51]. Effective MCMC samplers for the
ARG have remained elusive, although there has been
some progress [50, 52-54]. We are currently exploring
forms of rejection sampling known as Approximate Baye-
sian Computation [55, 56] that avoids the need to com-
pute the likelihood for any given realization of the topolo-
gy by comparing the ‘closeness’ of random data sampled
under that realization to the observed data. For further
discussion of coalescent methods for LD mapping, see
Z0lner [57, this issue].

In a similar vein to our Bayesian spatial clustering
model, several authors [58-60] have proposed maximum
likelihood methods based on the idea of ancestral haplo-
type reconstruction from a sample of present-day case and
control haplotypes. In these papers, the ancestral haplo-
type(s) were treated as parameters to be estimated along
with the various population parameters (mutation and
recombination rates, mutation locations, penetrances,
etc.). Morris et al. [61, 62] instead used MCMC methods
to allow the ancestral haplotypes to be treated instead as
latent variables to be sampled over rather than maxi-
mized out.

Haplotype Sharing Methods

An important prediction of coalescent models is that
pairs of cases would tend to be more closely related than
pairs of controls, while case-control pairs would be even
more distantly related on average [63]. This observation
underlies a class of LD mapping methods known as haplo-
type sharing, in which one searches for locations where
apparently-unrelated case pairs tend to have more sharing
of haplotypes than other pairs. Although this approach
has been used informally for meiotic mapping for years, it
was first formalized by Te Meerman and Van Der Muelen
[64] as a permutation test of a ‘Haplotype Sharing Statis-
tic (HSS),” compared with a null distribution obtained
by randomly permuting the cases and controls. In gener-
al, a broad class of HSS can be formulated as H =
Zuie Ly (xX)Dyr where Lyi(x) is the length of the segment
surrounding location x that is shared IBS by haplotypes /
and k, and Dy = (Y, —u)(Yy — 1) is a score for the pheno-
typic similarity of the individuals carrying these haplo-
types, the sum being taken over all pairs of haplotypes
from apparently unrelated individuals. A number of vari-
ants of this general approach have been discussed, includ-
ing the Haplotype Sharing Correlation [65], the Maxi-
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mum Identity Length Contrast (MILC) [66-68], and var-
1ous other tests [69-75].

In their simplest forms, these various approximations
of the coalescent treat each of the present-day haplotypes
as independently descended from their respective ances-
tral haplotype(s); this is known as a ‘star-shaped’ genealo-
gy (or equivalently, the absence of ‘cryptic relatedness’)
[76, 77]. McPeek and Strahs and Morris et al. also discuss
extensions of their approach to allow for dependency
within the sets of descendents from each ancestral haplo-
type. Our spatial clustering models also have assumed a
star-shaped genealogy. One way around this difficulty
would be a hierarchical clustering, in which y, ~N (6,,, %)
and 8.~ N (1, 72) (Where d_. are clusters of clusters), and
so on. Reversible jump MCMC methods could be used to
allow the number of levels and branches of the hierarchy
to be unknown.

A more elegant approach, however, incorporates the
estimated time 77 to a common ancestor for each pair of
haplotypes within a cluster, based on their shared length
Ly, thereby exploiting the notion that haplotypes that are
more similar to each other are more likely to be closely
related. We therefore allow each haplotype to have its own
¥, with covariance cov(¥, 7| Tix) = o2 exp(-oT ). Since
Ly(x) ~ T'2, 2Ty and Ty ~ I'(1, 1/(2N)), where N is
the effective population size, the marginal covariance can
be shown to be

4 po* L
cov(¥s, yk\ch=ck)=< 4 C)( s >
N o+ 1/(2N)+2Lhk

Such methods may provide an alternative approach to the
problem of ‘cryptic stratification’ in which a population
consists of a number of subpopulations that are not readi-
ly distinguishable by self-reported race/ethnicity, but in
fact differ both in terms of allele frequencies at the candi-
date locus and baseline rates of disease (see the reviews by
Thomas and Witte [78], Wacholder et al. [79], and Car-
don and Palmer [80]). A variety of methods involving the
use of a panel of unlinked markers to infer the latent pop-
ulation structure have been proposed [81-84]. We believe
such approaches can be readily incorporated into our
Bayesian spatial clustering models.

Our implementation of the CAR and Voronoi models
currently assume phase-known haplotype data are avail-
able, as in a set of transmitted (case) and nontransmitted
(control) haplotypes derived from case-parent triads. Ex-
tension to the phase-unknown case appears straight-for-
ward, however, simply involving the kinds of Metropolis-
Hastings moves discussed above. The acceptance proba-
bilities would now be a function of the relative likelihood
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of the cluster assignments of the new and old haplotypes
rather than the marginal population haplotype frequen-
cies. Even more appealing is the possibility of exploiting
coalescent methods, in which haplotypes might be as-
signed conditional on the sampled individuals’ Y and G
together with the current topology of the coalescent tree or
ARG, and then the topology and associated parameters
are updated conditional on the current assignment of
haplotypes.

Haplotype Blocks, Haplotype Tagging SNPs,
and the HapMap Project

The recent discovery that the pattern of LD throughout
the genome appears to be concentrated in relatively short
‘blocks’ makes haplotype-based association studies much
more attractive. Haplotype blocks are regions with a lim-
ited number of distinct haplotypes separated by regions of
low LD. The latter could reflect either hot spots of recom-
bination or ancient recombination events [85-87]. Most
importantly, it implies that to identify all the polymor-
phisms within a region that are relevant to disease, one
could simply select a subset of ‘haplotype-tagging SNPs’
(htSNPs) that in combination are sufficient to predict the
all the common haplotypes within each block.

A number of approaches to htSNP selection have been
described [8, 9, 88-94], but the number of htSNPs which
are needed in whole-genome association studies is not
presently known. There is currently underway a massive
resequencing effort, known as the HapMap Project [95,
96] (see also NIH News Advisory, October 2002, at http://
www.nih.gov/news/pr/oct2002/nhgri-29.htm), which is
aimed at characterizing haplotype blocks across the entire
genome for the purpose of selecting htSNPs for a new gen-
eration of association studies. The hope is that this effort
will reduce the number of SNPs that would be required
for genome-wide association studies (as suggested by
Risch and Merikangas [97]) from several million by per-
haps an order of magnitude.

There is some controversy, however, about whether
the number of htSNPs needed may actually be reduced to
this extent. Very recently, Carlson et al. [98] compared the
results of their own SNP discovery (sequencing) efforts
with SNPs already deposited in the dbSNP database
(http://www.ncbi.nlm.nih.gov/SNP/) and estimated (by
extrapolation from their results for 50 genes) that all 2.7
million known SNPs in that database are barely sufficient
in whites and quite insufficient in African Americans to
accurately predict the majority of their newly discovered
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SNPs. Unfortunately, the statistic they used to determine
whether a given SNP discovered by their sequencing was
well predicted by the dbSNP database was the maximum
of simple pairwise R2s (i.e., for each new SNP discovered
in the sequencing, the maximal pairwise R2 between that
SNP and each dbSNP was computed). Simple pairwise R?2
may be a very poor measure of the actual predictability of
either common SNPs or (which may be of even more
importance) of common haplotypes based on any given
set of htSNPs.

Our approach [99] for determining the number and
identity of htSNPs is based on maximizing the minimum
across all common haplotypes of the statistic R7, the
expected correlation between the true number Nj(G;) of
copies of haplotype /4 for each individual and its predicted
value given the full subset of SNPs. This approach fully
exploits the multivariate pattern of LD but requires rea-
sonably good estimation of all the haplotype frequencies
in a particular block (and is dependent on H-W equilibri-
um). An initial simulation [99] found good behavior of
the R7 statistic when the true state of nature was that of
quite limited haplotype diversity within a block. In this
simulation, however, 70 individuals of a particular ethnic
group were used to characterize the haplotypes, which is
considerably more than the number of subjects sequenced
by Carlson et al. (23 African Americans and 24 Whites).
Thompson et al. [100, this issue] do consider preliminary
studies as small as this of the selection of htSNPs, with
promising results found when using a coalescent-based
simulation of both haplotypes and disease genes. A com-
puter program to compute Rﬁ and find minimal sets of
htSNPs using this criterion is available from our website
(http://www-rcf.usc.edu/ ~ stram/tagsnpsv1.zip).

Chapman et al. [101, this issue] describe an alternative
approach based on choosing the subset of SNPs that max-
imizes the minimum across loci / of Rlz, the multiple cor-
relation between G; and the subset, on the assumption
that the causal variant being sought is likely to be in the
dataset; this measure again is distinguished from the pair-
wise R? used by Carlson et al. [98] in that it exploits the
multivariate pattern of LD. If a set of haplotype frequency
estimates are available (e.g. by running an E-M algo-
rithm), a formal calculation of the expected (squared) cor-
relation R can be performed [99], rather than estimating
this squared correlation directly from a regression analy-
sis of non-htSNP genotypes upon htSNP genotypes. This
formal calculation is dependent upon the assumption of
H-W equilibrium (for the haplotypes). It is possible that
the formal calculation is a more efficient estimate of R7 if
H-W equilibrium does indeed hold.
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Even if htSNP characterization is successful in reduc-
ing the total number of variants needed to be typed in
association studies, it remains to be seen whether such
common variants are really the cause of common complex
diseases [102]. The computational challenges posed by
trying to identify haplotype blocks and haplotypes from
genome-wide diploid genotype data are formidable and
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