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Algorithms for Inferring Haplotypes
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Haplotype phase information in diploid organisms provides valuable information on human evolutionary history and may
lead to the development of more efficient strategies to identify genetic variants that increase susceptibility to human
diseases. Molecular haplotyping methods are labor-intensive, low-throughput, and very costly. Therefore, algorithms based
on formal statistical theories were shown to be very effective and cost-efficient for haplotype reconstruction. This review
covers 1) population-based haplotype inference methods: Clark’s algorithm, expectation-maximization (EM) algorithm,
coalescence-based algorithms (pseudo-Gibbs sampler and perfect/imperfect phylogeny), and partition-ligation algorithm
implemented by a fully Bayesian model (Haplotyper) or by EM (PLEM); 2) family-based haplotype inference methods; 3)
the handling of genotype scoring uncertainties (i.e., genotyping errors and raw two-dimensional genotype scatterplots) in
inferring haplotypes; and 4) haplotype inference methods for pooled DNA samples. The advantages and limitations of each
algorithm are discussed. By using simulations based on empirical data on the G6PD gene and TNFRSF5 gene, I demonstrate
that different algorithms have different degrees of sensitivity to various extents of population diversities and genotyping
error rates. Future development of statistical algorithms for addressing haplotype reconstruction will resort more and more
to ideas based on combinatorial mathematics, graphical models, and machine learning, and they will have profound
impacts on population genetics and genetic epidemiology with the advent of the human HapMap. Genet. Epidemiol. © 2004
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INTRODUCTION

It was estimated that more than 5 million single-
nucleotide polymorphisms (SNPs) with minor-
allele frequencies (MAFs) greater than 10% are
expected to exist in the human genome [Carlson et
al., 2004]. Although each SNP can be analyzed
independently of other markers, it is much more
informative to analyze markers in a region of
interest simultaneously. The combination of mar-
ker alleles on a single chromosome is called a
haplotype. There is great interest in understanding
haplotype structures in the human genome using
identified genetic markers because: 1) haplotypes
provide snapshots of human evolutionary history
because they are “molecular fossils” such that by
reconstructing a haplotype network, information
contained in haplotype frequency in the sample
can be used to infer the topological position of a
given haplotype in a cladogram [Crandall and
Templeton, 1993]; and 2) haplotype information is
crucial in estimating the age and location of
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disease mutations relative to a set of multiple
linked markers [Liu et al., 2001; Lu et al., 2003].
Recent empirical investigations revealed that the
human genome can be partitioned into discrete
haplotype blocks, such that haplotype diversity is
very constrained within each block. To capitalize
on the block-like feature to significantly reduce the
amount of genotyping efforts for genetic associa-
tion studies, the International HapMap Project was
launched to produce a genome-wide human
haplotype map in several ethnic populations
[International HapMap Consortium, 2003].

The challenge of conducting haplotype-centric
analyses is that in diploid organisms such as Homo
sapiens, haplotypes are not directly observable,
and only unphased genotype data can be obtained
through application of experimental techniques.
A spectrum of molecular haplotyping methods
was developed, including single-molecule dilu-
tion [Stephens et al, 1990], long-range allele-
specific PCR [Michalatos-Beloin et al., 1996],
diploid-to-haploid conversion [Douglas et al.,
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2001], carbon nanotube probing [Woolley et al.,
2000], pyrosequencing [Odeberg et al., 2002],
intracellular ligation [McDonald et al, 2002],
rolling-circle amplification [Zhong et al.,, 2001],
and clone-based systematic haplotyping [Burgtorf
et al.,, 2003]. However, these methods are not
widely used, not only because they incur signifi-
cant costs but also because they are low-through-
put, and important technical problems remain
unresolved. Therefore, algorithms for inferring
haplotypes from unphased genotype data offer
practical, accurate, and cost-effective solutions.

POPULATION-BASED HAPLOTYPE
INFERENCE

Population-based haplotyping is a major chal-
lenge for gene mapping for complex human
diseases because most complex diseases are late-
onset, and it is not only expensive, but also
logistically difficult to recruit the parents of
diseased probands into a family-based study.
Therefore, it is relatively more cost-efficient and
easier to collect affected probands and controls for
a complex disease through a case-control design
compared to a family-based design. Several large-
scale, prospective cohort studies of complex hu-
man traits in the US such as the Women’s Health
Initiative, Women’s Health Study, or Physician’s
Health Study recruited only unrelated individuals
and have followed the study participants long-
itudinally over a long period of time. Analyses of
genotype data of DNA samples from such cohorts
also require population-based haplotype inference.

CLARK’S ALGORITHM

The earliest algorithm for haplotype reconstruc-
tion (from genotype data) was described by Clark
[1990], based on the principle of maximum
parsimony. This algorithm resolves the haplotypes
following three steps: 1) identifying all unambig-
uous haplotypes (all homozygotes and single-site
heterozygotes) and considering them as “re-
solved;” 2) determining whether each of the
resolved haplotypes could be one of the alleles
in the remaining yet-to-be-phased genotypes; and
3) each time a new haplotype is identified as one
of the resolved ones, this new haplotype is
assumed to be known, and the remaining haplo-
type is added to the resolved haplotype set. The
rationale for this algorithm is that homozygous
haplotypes are probably common, and that a
phase-ambiguous genotype is likely to contain

known common haplotypes. Clark [1990] stated
that when all haplotypes are resolved based on
maximum parsimony, the solution is unique and
correct, and the results of Clark’s algorithm based
on certain empirical data are shown to be reliable
by comparison with haplotypes obtained by direct
molecular methods [Clark et al., 1998; Rieder et al.,
1999]. Gusfield [2001] reformulated Clark’s state-
ment into a “maximum resolution” (MR) problem:
given a set of vectors (some ambiguous and some
resolved), what is the maximum number of
ambiguous vectors that can be resolved by
successive application of Clark’s inference rule?
Gusfield [2001] proved that the MR problem is
NP-hard and Max-SNP-complete, which can be
reduced to an integer linear programming pro-
blem. The advantages of Clark’s algorithm are that
it is a relatively straightforward procedure, and it
can handle a large number of loci when haplotype
diversity is rather limited in the population. The
disadvantages of Clark’s algorithm are that: 1) the
algorithm does not start when there are no
homozygotes or single-site heterozygotes in the
population; 2) the algorithm does not give unique
solutions, because the phasing results are depen-
dent on the order of genotypes that need to be
phased (therefore, when there is a large number of
distinct haplotypes compared to the sample size
due to the presence of recombination hotspots,
Clark’s algorithm sometimes cannot resolve a
relatively large fraction of heterozygous indivi-
duals); and 3) although Clark’s algorithm does not
explicitly assume Hardy-Weinberg equilibrium
(HWE), its performance is still relatively sensitive
to the extent of deviation from HWE [Niu et al.,
2002].

STANDARD EM ALGORITHM

The expectation-maximization (EM) algorithm
[Dempster et al.,, 1977] estimates population
haplotype probabilities based on maximum like-
lihood, finding the values of the haplotype
probabilities which optimize the probability of
the observed data, based on the assumption of
HWE. Excoffier and Slatkin [1995] were the first
to discuss the use of the EM algorithm in this
context. The likelihood function in the EM algo-
rithm can be written as

n

L©)=PGO)=]] > 0.0,

i=1 (a,b):a®b=g;

where G denotes the observed unphased genotype
data for n individuals, g; denotes the observed
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unphased genotype data for the ith individual, ®
denotes the overall haplotype frequency, 0, and 0,
denote the respective haplotype frequencies for
haplotypes a and b, such that 2 ® b = g; denotes
that the haplotype pair (a, b) is compatible with
the ith observed genotype data—g;, The EM
algorithm, under the assumption of HWE, is an
iterative procedure: 0 (k+1) = Egw (14|G)/2n, where
®® is the current estimate of haplotype frequen-
cies, and 1, is the count of haplotype a that exists
in G. It can be important that the initial value of
haplotype frequencies are reasonably close to the
true population frequencies. The advantages of
the EM algorithm are that: 1) it is based on solid
statistical theory; and 2) although the EM algo-
rithm makes an explicit assumption of HWE,
simulation studies demonstrate that its perfor-
mance is not strongly affected by the departures
from HWE, particularly when the direction of
departure is towards an excess of homozygosity
[Niu et al.,, 2002]. The disadvantages are that: 1)
the performance is sensitive to the initial value of
©; 2) if there exist local maxima, the iteration may
lead to locally optimal maximum likelihood
estimates (MLEs), which becomes most serious
when there are many distinct haplotypes (one
sensible way to employ the EM algorithm is to use
a good initial guess on O [e.g., the product of the
allele frequencies, as suggested by Excoffier and
Slatkin, 1995]); and 3) the standard EM algorithm
cannot handle a large number of loci. Recently, a
variant on the EM algorithm, the stochastic-EM
algorithm, was applied to the problem of estima-
tion haplotypes from unphased genotypes, by
Tregouet et al. [2004]. This algorithm can be useful
for avoiding convergence to local maxima.

COALESCENCE-BASED ALGORITHM

Pseudo-Gibbs  sampler (PGS) algorithm.
Stephens et al. [2001] proposed a coalescence-
based Markov-chain Monte Carlo (MCMC) ap-
proach: a pseudo-Gibbs sampler (PGS) for recon-
structing haplotypes from genotype data. PGS
uses Gibbs sampling to obtain an approximate
sample from the posterior distribution, P(Z1G),
where Z = (z1, 22, ..., zy) and G = (g1, 2, - - -, §n)
denote the phased and unphased (i.e., observed)
genotype data for n individuals. The major piece
of this iterative samphng algorithm is that at the (k

+ Dth iteration, we aim to sample z; from

(zl|G Zk.), where ZF, is a set of phased
genotypes for all the remaining (n—1) subjects
excluding the haplotype pair z; for individual i, at
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the kth iteration. Then, we have P(Z;|G,Z* ) «

P(z; =a® B|ZF,) x n(a|Z_))n(B|Z-i, @), where o
and f denote the two respective haplotypes that
form z;. Here, n(«|Z_;) is essentially a prior for a
future sampled haplotype, which is not known to
the investigators a priori. Instead of using the
Dirichlet prior [based on the “parent-independent
mutation” model in Stephens et al., 2001], Ste-
phens et al. [2001] suggested using an approx-
imate coalescent prior: equation 17 of Stephens
and Donnelly [2000], which is a stationary Markov
chain with transition matrix T, = +0 Poy +72 19
where r and r, are the total number of haplotypes
and the total number of type o haplotypes in Z,
respectively, 0 is the scale mutation rate, and P is
the transition matrix. The approximate coalescent
prior is based on the assumption that “the genetic
sequence of a mutant offspring will differ only
slightly from the progenitor sequence (often by a
single-base change)” [Stephens and Donnelly,
2003]. Recently, Stephens and Donnelly [2003]
modified the implementation of the PGS algo-
rithm by incorporating a variant of the partition-
ligation (PL) idea [Niu et al., 2002] and by
allowing for recombination and decay of linkage
disequilibrium (LD) with distance. The key
advantage of the PGS is that it incorporates the
coalescence theory into its prior, and although the
induced Markov chain has a stationary distribu-
tion that may depend on the order of g;s, it was
shown to perform well in simulations based on a
coalescent model: a constant-size population
evolving for a long period of time without
recombination or recurrent mutations [Stephens
et al., 2001; Stephens and Donnelly, 2003]. The
disadvantages are that: 1) PGS is not a fully
Bayesian model and it lacks a measure of the
overall “goodness” of the constructed haplotypes;
2) because this algorithm makes only local moves
in each iteration (i.e., a “piece-by-piece” strategy)
to update a new haplotype that closely resembles
an existing haplotype, PGS is quite slow and it
takes millions of iterations for the algorithm (2
million iterations are suggested as the default
value for PHASE version 1.0 in Stephens and
Donnelly [2003]) to start to converge to the right
answer [e.g.,, the ACE data from Rieder et al.,
1999]; and 3) it remains unclear whether the
algorithm performs favorably compared to other
algorithms (e.g., standard EM algorithm) for
admixed or rapidly expanding populations when
the coalescent model does not hold, which is often
the case for cosmopolitan US cohorts (e.g., a
random sample from downtown Los Angeles).
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For example, although Stephens et al. [2001]
demonstrated that PHASE outperformed EM by
a significant margin under certain conditions,
Zhang et al. [2001] and Xu et al. [2002] revealed
that this was not the case: PHASE and EM-based
methods exhibited similar performances in their
simulated datasets.

Phylogeny haplotyping (PPH) algorithm. A
phylogeny-based algorithm intends to determi-
nistically deduce haplotype phases based on
phylogenetic reconstruction [Gusfield, 2002]. The
coalescent model of haplotype evolution tells us
that without recombination, the evolutionary
history for w distinct haplotypes can be displayed
as a “Perfect PHylogeny” (PPH) with w leaves,
and each of the SNP sites labels exactly one edge
of the tree. Rooted in the coalescent model, there
are two key assumptions of PPH: 1) no recombi-
nation; and 2) the infinite-sites model. Under
these two assumptions, a PPH problem is stated
as: given a set S of n genotype vectors, we would
like to find a PPH T(S), and a pairing of the 2n
leaves of T(S) that explains S. A PPH problem can
be reduced to a classical problem of recognizing
graphic matroids [Tutte, 1960]. Although the
general PPH problem is NP-hard [Steel, 1992]
and multiple solutions can be possible [Gusfield,
2002], for binary phylogenies, PPH is shown to be
linear-time solvable [Bixby and Wagner, 1988]. A
program named “Perfect Phylogeny Haplotyper”
[Chung and Gusfield, 2003] was developed. More
recently, Halperin and Eskin [2004] developed an
“imperfect” phylogeny method that extends the
framework of PPH by allowing for both recurrent
mutations and recombinations. In their approach,
the multiple linked SNPs are partitioned into
blocks, and for each block, they predict each
individual’s haplotype. Then the block-based
haplotypes are assembled together to form the
long-range haplotype utilizing the PL idea of Niu
et al. [2002]. The imperfect phylogeny method
appears to be more robust than PPH, and allows
the handling of missing data and resolution of a
large number of SNPs. Overall, PPH appears to be
an interesting application of the graphical model
in haplotype inference, although their accuracies
remain to be benchmarked by using extensive
simulations and real datasets.

PL

In order to phase long-range haplotypes, Niu
et al. [2002] introduced a divide-conquer-combine

algorithm: partition-ligation (PL), which can han-
dle a large number of loci. This algorithm is not
based on coalescence theory. The essence of PL is
that a long-range haplotype is a combinatorial set
of atomistic units in nature. This theoretical
conception is actually supported by the empirical
observations of the “block-like” patterns of hu-
man haplotypes. Nevertheless, the atomistic units
of PL refer to any arbitrary segments of con-
secutive loci (typically ranging between 5 and 8)
which are more generalized than “high-LD” blocks.
It should be noted that partitions at the “high-LD”
block boundaries somewhat improve the perfor-
mance of PL [Niu et al., 2002], and detecting the
locations of recombination hotspots before carry-
ing out partition is an interesting thought. Once a
long-range haplotype is partitioned into a series of
smaller, atomistic units, haplotype phasing for
each atomistic unit is tractable, and the long-range
haplotype can be considered a ligated product of
these atomistic units (Fig. 1). In the ligation
step, two strategies can be employed [Niu et al.,
2002]: 1) hierarchical ligation; and 2) progressive
ligation. Haplotyper [Niu et al., 2002] and PLEM
[Qin et al., 2002] implemented PL through
hierarchical ligation, whereas variants of the
progressive ligation were adopted by a modified
version of PHASE version 1.0 and SNPHAP
(written by Dr. David Clayton). Here, I illustrate
the implementation of PL using either Bayesian or
EM implementations through Haplotyper and
PLEM.

Bayesian implementation. A Bayesian para-
digm, which allows incorporation of prior infor-
mation into the statistical model, has enjoyed
increasing applications in genetics [Beaumont and
Rannala, 2004]. Niu et al. [2002] employed a fully
Bayesian model to reconstruct haplotype phases,
employing two innovative techniques: PL and
prior annealing. Instead of using a prior based on
coalescence theory, a Dirichlet prior was used in
the Gibbs sampling, such that the prior for
®, P(®) ~ Dir (1), where A=(41, 42, ... Ay ) is
the vector of pseudocounts for m distinct haplo-
types. The use of the Dirichlet prior assumes that
the genetic sequence of a mutant offspring does
not depend on the progenitor sequence [Stephens
et al., 2001], and therefore is different from the
approximate coalescent prior used by PGS. Thus,
the prior does not assume that unresolved
haplotypes will be similar to progenitor haplo-
types, and therefore will not make local moves
as the PGS. In essence, the Gibbs sampling of
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Fig. 1. Schematic diagram of partition-ligation (PL) strategy. Each of 16 squares represents one SNP. Entire haplotype is partitioned into
a total of four atomistic units, each comprising four consecutive SNPs. A hierarchical ligation approach was taken to reconstruct entire
haplotype. Diamond-shaped linkage disequilibrium (LD) plot is shown at bottom, and for illustrative purposes, each atomistic unit
corresponds to a high-LD block (i.e., partition was located at recombination hotspots).

Niu et al. [2002] iterates between two steps until
convergence: P(zi=(a, B)|©, 8i) =0.05/3_ 1 1) asi—,
0.0, and 2) P(®|Z,G) = Dir[A+ N(Z)]. The es-
sence of prior annealing is to dwindle the
pseudocounts 4 to zero at the end of iteration
linearly, to avoid the algorithm being trapped in a
local maximum caused by high pseudocounts.
The Gibbs sampling algorithm for haplotype
reconstruction was performed within each ato-
mistic unit, and at the global level, the Bayesian
method employed by Niu et al. [2002] adopted a
“block-by-block” strategy in updating long-range
haplotypes. The resulting program, Haplotyper,
was extensively evaluated using a variety of
simulated and real datasets [Niu et al., 2002],
and it was shown to be robust to the presence of
missing data, to the violation of HWE or coales-
cent assumption, and is now widely applied for
a variety of complex traits [Albagha et al., 2002;

Li et al., 2002; Ferrari et al., 2003, 2004; Kehoe et
al., 2003, 2004; Beyzade et al., 2003; Spotila et al.,
2003; White et al., 2003; Ertekin-Taner et al., 2004;
Katzov et al., 2004; Eriksson et al., 2004; Choi
et al., 2004; Mira et al., 2004; Sobacchi et al., 2004].

EM implementation. The computational inten-
sity of haplotype estimation using the standard
EM described above becomes unmanageable
rather quickly with an increasing number of loci,
and it can typically handle a maximum of ~20
loci [Qin et al., 2002]. Capitalizing on the idea of
PL [Niu et al., 2002], a “PLEM” algorithm was
developed that surpassed the limitations of the
standard EM. Note that EM is essentially a
deterministic procedure based on the maximum
likelihood principle. In PLEM, one shall not keep
only the MLE answers in resolving partial
haplotypes, because the locally optimal solutions
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do not necessarily give rise to the globally optimal
answer. The way to deal with this problem is to
keep a buffer of “runner-up” partial haplotypes to
avoid tossing the optimal “partial answers” away
prematurely. Simulation studies demonstrate that
the larger the buffer size, the more accurate the
haplotype estimates will be [Qin et al., 2002].
Besides haplotype frequency estimation and in-
dividual-based haplotype phasing, PLEM pro-
vides variance estimation for long-range
haplotypes based on Fisher information matrix.
Recently, the PLEM algorithm was employed in
one of the programs developed for haplotype
tagging [Zhang et al., 2004].

The advantage of the PL algorithm is that it can
handle a large number of loci. The disadvantage is
that partitioning outside the recombination hot-
spots may not give rise to the most optimal
answer. However, the PL algorithm appeared to
be relatively robust even when the partition was
not located exactly at the cutting points. Another
limitation of the PL implemented in Haplotyper
and PLEM is that neither of the programs
incorporated the coalescent model into their
statistical framework. However, simulation results
demonstrated that compared to EM, Haplotyper
performed reasonably better, even when the
genotype data were simulated based on coales-
cence [Niu et al., 2002].

SENSITIVITY ANALYSIS OF
HAPLOTYPE PHASING
ALGORITHMS

There is an ongoing debate in regard to whether
the “best” haplotype phasing algorithm exists in
population-based phasing. It has become clearer
and clearer that different algorithms perform
differently in different populations, with their
own strengths and limitations. A “consensus
vote” strategy based on multiple algorithms with
different underlying statistical theories was sug-
gested to increase the confidence of statistical
inferred results. Here, through a simulation study,
I would like to illustrate that the performances of
various haplotype inference algorithms are sensi-
tive to the haplotype diversity (or equivalently,
haplotype variance) of the population under
study. I would like to highlight that for popula-
tions with relatively low haplotype diversities,
most algorithms give robust answers, although
some still have slightly better performances; for
populations with relatively high haplotype diver-

sities, performance differences across different
algorithms become much more evident. In Figure
2, results from a simulation study were used to
compare the performances of Clark’s algorithm,
Haplotyper, and PLEM in terms of haplotype
phasing accuracy at the population (haplotype
frequency estimation) level among six different
ethnic populations: Beni (Nigeria), Yoruba (Niger-
ia), Shona (Zimbabwe), African American, Eur-
opean American, and Asian, with different
haplotype diversities of the 11-SNP G6PD gene
haplotype (Fig. 2a and Sabeti et al. [2002]). As
indicated above, PHASE requires at least 2 million
MCMC iterations [Stephens and Donnelly, 2003]
for phasing each of the N = 500 subjects for
M=100 simulations for each of the six ethnic
populations, and it would take nearly 2 months to
finish those runs of PHASE alone to get all the
results needed; therefore, PHASE was excluded
for comparisons. At the individual level, the
simulation results showed that Haplotyper and
PLEM performed rather closely: PLEM made no
single errors (i.e., 100%) for all but the Asian
population data (99.94%), and Haplotyper made
no single errors (i.e., 100%) for all simulated
datasets for the Asian and European American
population data, and its average accuracy for the
other four ethnic populations was 96.2% (range,
94.2-97.8%). Clark’s algorithm performed best for
the Asian population data (accuracy, 93.3%), but
made many more individual phasing errors for
the other five ethnic populations (accuracy rates
were 45.5%, 44.5%, 55.2%, 46.4%, and 83.7% for
Beni, Yoruba, Shona, African American, and
European American populations, respectively),
which demonstrated that for a population with
limited haplotype diversity (the Asian population
in this example), all three algorithms performed
quite well (accuracy, >90%), and the algorithm
with the best performance is Haplotyper. For
populations with large haplotype diversities
(Beni, Yoruba, Shona, and African American),
Haplotyper and PLEM performed quite closely,
whereas Clark’s algorithm had much higher error
rates (the algorithm with the best performance is
PLEM).

FAMILY-BASED HAPLOTYPE
METHODS

A number of linkage analysis programs, includ-
ing Genehunter [based on the Lander-Green
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(a)
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Fig. 2. Simulation study for comparing performances of Clark’s algorithm (shaded bars), Haplotyper (hatched bars), and PLEM (open
bars) in terms of haplotype frequency estimation among 6 different ethnic populations: Beni (Nigeria), Yoruba (Nigeria), Shona
(Zimbabwe), African American, European American, and Asian, with different haplotype diversities of G6PD gene [Sabeti et al., 2002].
a: Published haplotype frequency data of 11-SNP G6PD haplotype among 6 ethnic populations were used in simulation. Open and
hatched squares represent major and minor alleles for each SNP, respectively. b: Y-axis denotes sum of squared error (SSR) defined as
%, (0; — 02 for M=100 simulations for each ethnic population for each algorithm, where 0; and 0! represent estimated and true
[i.e., from Sabeti et al., 2002] haplotype frequency for each respective haplotype. In each simulation, genotype data for N=500 subjects
were generated by random pairing of haplotypes according to their respective frequencies. Data are presented as mean + SE.

algorithm; reviewed in Nyholt, 2002], Simwalk2
[based on MCMC and the simulated annealing
technique; Sobel and Lange, 1996], and Merlin
[based on a sparse gene flow tree implementation
of the Lander-Green algorithm; Abecasis et al.,
2002], are capable of haplotype phase reconstruc-
tion using pedigree data. However, it should be
noted that both the Lander-Green algorithm
implemented in Genehunter and Merlin, and the

MCMC/simulated annealing algorithm imple-
mented in Simwalk2, assume that the linked
markers are in linkage equilibrium [Schaid et al.,
2002; Becker and Knapp, 2003], which implies that
all possible haplotype explanations are equally
likely in case of phase ambiguity. For Genehunter,
the inferred haplotypes may even depend on the
order of alleles in the input file [Becker and
Knapp, 2003]. Therefore, Genehunter, Merlin, and
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Simwalk2 should be applied when there are
few haplotype ambiguities (such as for highly
polymorphic microsatellite markers) in extended
large pedigrees, rather than for low-information-
content SNP makers in simplex nuclear family
settings [Becker and Knapp, 2003]. Even for
pedigree data, individual haplotype reconstruc-
tion for multiple linked SNPs by computer
programs may not be reliable if there are enough
untyped persons in the pedigree, because the
space of possible haplotype configurations tends
to be too large for procedures such as MCMC to be
finished within a reasonable time. Recently, the
use of trios has become quite popular due to its
relative efficiency and ease of sample collection. A
couple of EM-based haplotype inference methods
were developed without assuming the linkage
equilibrium among the linked markers [Rohde
and Fuerst, 2001; Becker and Knapp, 2002] for
nuclear family data. Their performances were
shown to be superior to that of the Lander-Green
algorithm of Genehunter [Rohde and Fuerst, 2001;
Becker and Knapp, 2002]. A rule-based “mini-
mum-recombinant haplotyping” (MRH) algo-
rithm, developed by Qian and Beckmann [2002],
exhaustively searches all possible minimum-re-
combinant haplotype configurations in large
pedigrees with many markers, and MRH allows
missing genotype data to be imputed from
identity-by-descent alleles. However, the utility
of MRH for genotype data solely obtained from
nuclear families remains unknown. It is noted that
although trios are more convenient to sample than
large, multigenerational pedigrees, for certain
complex traits with late onset, the parental DNA
samples are often unavailable for typing, and the
collection of genotype data from trios can still be
extremely difficult. In such scenarios, it is possible
to sample additional unaffected siblings of pro-
bands. It is therefore critical to assess the
contribution of genotype data from additional
siblings to family-based haplotype reconstruction.

HANDLING GENOTYPE
UNCERTAINTIES IN INFERRING
HAPLOTYPES

Because the standard genotyping machines
such as the TagMan assay, the oligonucleotide
ligation assay, and MassARRAY typically output a
two-dimensional scatterplot, there are often in-
trinsic uncertainties in the genotype scoring
process [Kang et al., 2004]. However, virtually all

genotyping machines directly output determinis-
tic genotype scores. In case of genotype ambiguity,
such deterministic genotype scores automatically
generated by genotyping machines can introduce
genotyping errors.

HANDLING GENOTYPING ERRORS IN
DETERMINISTIC CALLS

To date, almost all haplotype inference algo-
rithms assume that the inputs of the genotype
data are without ambiguity. However, such an
assumption is rarely tenable for real-world genetic
markers (including SNPs, microsatellites, and
variable numbers of tandem repeats) and, if
violated, can severely bias haplotype frequency
and reconstruction accuracies [Kirk and Cardon,
2002]. Furthermore, genotyping errors also have
significant impact on the accuracy of estimations
of genetic distances [Goldstein et al., 1997]. Even
with family trios, error detection rates are usually
low (~30%) if Mendelian consistency is used as
the sole standard for checking errors [Gordon
et al., 1999; Kirk and Cardon, 2002; Zou et al.,
2003]. Therefore, it is critical to compare the
performances of statistical algorithms in the
presence of genotyping errors. A simulation study
was performed to compare the sensitivities of
three haplotype phasing algorithms, Haplotyper,
PLEM, and Clark’s algorithms, with regard to
sensitivities to genotyping errors. In total, five
distinct haplotypes of the TNFRSF5 gene with
frequencies >4% were used in the simulation
study, based on Zhou et al. [2004]. In total, 500
subjects were generated in each of 100 simulation
runs for each algorithm at genotype error rates of
1%, 2%, 5%, and 10% (denoted as models M1-M4,
respectively), and haplotype phasing accuracies at
both individual and population levels were
compared. It can be seen that Haplotyper and
PLEM performed essentially identically in terms
of individual phasing accuracy (Fig. 3a), both of
which were more robust to the presence of
genotyping errors than Clark’s algorithm. In terms
of population-based haplotype phasing accuracy,
Haplotyper had the best performance among the
three algorithms, and PLEM is a very close second
(Fig. 3b).

HANDLING RAW GENOTYPE OUTPUTS

Most genotyping errors are caused by the
ambiguities of raw genotyping outputs. Therefore,
instead of using deterministic calls, an alternative
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Fig. 3. Simulation study for comparing performances of Clark’s algorithm (shaded bars), Haplotyper (hatched bars), and PLEM (open
bars) with regard to sensitivities to genotyping errors. TNFRSF5 gene haplotype containing 6 SNPs (g.53031T >C, g.53489A>G,
8.53824T > C, g.54068T > C, g.63977A > G, and g.64493T > C; from 5 —3') were used in simulation study, with respective frequencies of
0.417, 0.258, 0.202, 0.051, and 0.043 for 000000, 011111, 10110, 011110, and 000110 (0O=major allele; 1=minor allele), according to Zhou et al.
[2004]. In total, N=500 subjects were randomly generated in each of M=100 simulation runs for each algorithm with genotype error rates
of 1%, 2%, 5%, and 10% (denoted as models M1-M4, respectively) and were then phased by each respective algorithm. a: Haplotype
phasing accuracy comparison at individual level. Accuracy rate (AR)=number of correctly phased individuals/total number of
individuals x 100%. b: Haplotype phasing accuracy comparison at population level, where SSR (defined in Fig. 2) was used as Y-axis.

Data are presented as mean + SE.

way would be to use probabilistic genotype
scores. Kang et al. [2004] introduced a Bayesian
clustering algorithm based on a bivariate
t-mixture model. The algorithm finds the center
and spread of each genotype cluster using the
parameter-expanded data augmentation scheme
[Liu and Wu, 1999], and assigns each genotype for
each SNP with a probabilistic score. Then, for each
individual, the probabilistic scores for the multi-
ple linked SNPs can be transformed into a
genospectrum, as demonstrated in Figure 4. A
novel EM algorithm, called “GS”-EM, is then used
to incorporate genospectrum information in

the haplotype inference process: consider the
genospectrum for individual i—(G,II)’, with
G' = (G",G",...,G") being the set of possible
multi-SNP genotypes with respective probabilities
' = (a1, 7"2,..., n""), where I; denotes the num-
ber of possible distinct genotypes for individual .
The likelihood function of GS-EM is

L(®) = P(G|®)

n n
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The following EM iteration for ® can then be
obtained:

2n
1i§fWW&m+w=@w»
= ; -
2n Ej:l ' Z(u,v):uﬂav:Gﬂ/ QEPGS)

i=1 j=1

where G*/\a denotes the complement haplotype
such that a @ [G"/\a] = G'/. Note that the standard
EM algorithm is a special case of the G5-EM with
I; =1 and 7#'/ = 1. Because GS-EM uses more
information from the raw genotype output than
deterministic genotype scores, it is shown to make
more accurate haplotype inferences, demonstrated
through both simulated and empirical datasets
[Kang et al., 2004]. It is notable that the strategy
used by Kang et al. [2004] treated genotyping
clustering and haplotyping phasing as two
disjoint steps; however, these two steps can be
modeled simultaneously, and haplotype informa-
tion can actually provide crucial hidden LD
information that can be used in reducing the
chances of making errors in the genotype cluster-
ing step.

elgt-ﬁ-l)

HAPLOTYPE INFERENCE METHODS
FOR DNA POOLS

“DNA pooling” of individual samples was
advocated to reduce the genotyping cost drama-
tically [Churchill et al., 1993; Amos et al., 2000;
Daniels et al., 1998; Sham et al., 2002]. Inbar et al.
[2002] developed an allele-specific, long-range
PCR method for direct measurement of haplotype
frequencies in DNA pools. However, this
method is not feasible when neighboring SNPs
have physical intervals >20 kb. It should be noted
that pooling complicates the configuration of
haplotypes and therefore adds more ambiguities
in estimating haplotype frequencies. Although
creating two large DNA pools for cases and
controls is very cost-efficient, such a procedure
is extremely susceptible to errors not only in allele
frequency estimation, but also in haplotype
frequency estimation [Barratt et al, 2002;
Yang et al.,, 2003]. As an alternative, the use of
small DNA pools (e.g., a pool size of 2) [Hoh et al.,
2003; Wang et al., 2003] was shown to be superior
over the use of large pools. Consider pools of size
K (i.e., comprising K individuals) each and a
total of n such pools so that the total number of
individuals is nK (It is noted that haplotype

Niu

inference without DNA pooling is just a special
case when K=1). Then, in each pool, there
are 2K haplotypes for K individuals. Two
EM-based algorithms were developed to phase
“pool genotype data.” Yang et al. [2003]
developed an EM algorithm for obtaining MLEs
and variance estimations of haplotype frequencies
that can handle missing data in DNA pools.
For m loci, there are 2" possible distinct
haplotypes, and we give each distinct haplotype
a numerical label, such that all these 2" possible
haplotypes can be distinguished by their labels:
1, 2, 3, ..., 2". For the ith pool, let g; denote
the unphased “pool genotype,” which can be
phased into o; distinct haplotype configurations
that are compatible with g; Note that each
of the o; distinct haplotype configurations can be
represented by a 1x 2K vector, e.g., for the tth
(1 <t < «;) distinct haplotype configuration of
pool i, we can denote its configuration

L0 as (lgi’w, léi’t), ey lg']?), such that 1< lgi’t) <

0 < <) <om where 1001501
are simply the “label representation” of the
2K haplotypes for pool i in an ascending order
of their labels. For example, for a haplotype
with 3 SNPs (m=3), we label the 8 possible
haplotype configurations (0 0 0), (0 0 1), (0 1 0),
(011),(100),(101),(110),and (11D as 1,2, ...,
8, respectively (0=major allele; 1=minor allele).
For instance, if we form DNA pools of size 4
(K=4), then, and the 5th (i=5) pool with “pool
genotype” ¢s=(1 0 0) (1=homozygous wild-type,
O=heterozygote, 2=homozygous mutant), a
compatible haplotype configuration L") would
be (1, 2,2, 3, 3, 3, 3, 3). Suppose these 2K elements

l§t>, lg)7 ...,lgtli of L®" comprise By distinct

labels, (d1"",dly", ..., dl;"), such that 1 <
<

diy < dly < ... <dly” < 2" (in our example,
LD is reduced to (1, 2, 3), such that By =3,
we then denote c1, ¢y, ... Cp,, as the respective
counts for labels dlgi’t), ¢7ll§i’t>,...,¢7ll(ﬁl‘<’3> (in our
example, ci, ¢z, and c¢3 would be 1, 2, and 5,

respectively), and it is obvious that Zﬁ e

=2K. Then, the likelihood function forl the

pooled genotype data is given by L(O)=
P(GI©) = ITiy (0 w0 TS 0w,
(2K)!/ H][L” (¢j)! , and 04, Op, ..., Ok denote the
haplotype frequencies for the respective haplo-

t
1),

where w; =

types l§t>, lgt), . According to Yang et al.

)
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[2003], in the E-step, the probablhty of the jth
haplotype Conflguratlon L) can be calculated as

p( W) ) = w; Hk 1 ]k/zt 1 Wt Hk 106.  In  the
M-step, at the (s + 1)th iteration, 0 (s+1)
S L,] p(LUD)/ 2nK, where clz(m denotes
the count of haplotype h in the jth haplotype
configuration L) for pool i, and p(LW*)) was
estimated using ©. Yang et al. [2003] further
showed that 1) K=3 or 4 appears to be optimal,
and 2) n >30 is needed for getting robust
asymptotic variance estimates. Ito et al. [2003]
also developed an EM algorithm called
“LDpooled” that can phase pooled DNA samples.
The disadvantage of “LDpooled” compared to
Yang et al. [2003] is that “LDpooled” is incapable
of handling missing data. It should be noted that
pooling essentially ignored the issue of genotyp-
ing errors at the individual level, and the impact
of individual genotyping error on the accuracy of
haplotype frequency estimation based on DNA
pools remains unexplored for the methods intro-
duced by Yang et al. [2003] and Ito et al. [2003].

CONCLUSIONS

Haplotypes capture LD information in chromo-
somal regions descended from ancestral chromo-
somes. Such information is of considerable
interest in population gnetic and genetic epide-
miological studies. Unveiling the human genome
sequence is as revolutionary as Copernicus’
revelation of an unfixed Earth, and has helped
generate a genome-wide SNP map [Altshuler et
al., 2000; Sachidanandam et al., 2001]. With wide-
spread applications of new generations of geno-
typing techniques, especially high-density SNP
arrays [Kennedy et al., 2003; Matsuzaki et al,,
2004], the magical potential of the human genome
will eventually be unlocked by linking haplotype
information to biomarker and phenotypic data. It
is foreseeable that the future development of
statistical algorithms for addressing haplotype
reconstruction will resort more and more to ideas
based on combinatorial mathematics, graphical
models, and machine learning. The performances
of in silico methods utilizing these ideas will
continue to improve in practical scenarios. Appli-
cations of various haplotype inference algorithms
have already facilitated greatly the derivation of
haplotype phase information from observed gen-
otype data, which is an essential process for
subsequent haplotype tagging SNP (htSNP) selec-
tion and htSNP-based association analyses. The

ultimate delineation of the human haplotype map
using population- or family-based haplotype
inference algorithms will become one of the
stepping stones toward a complete understanding
of genetic causes of complex diseases.
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