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Abstract

Recent studies have revealed a haplotype block structure for human genome such
that it can be decomposed into large blocks with high linkage disequilibrium (LD)
and relatively limited haplotype diversity, separated by short regions of low LD.
One of the practical implications of this observation is that only a small number of
tag SNPs can be chosen for mapping genes responsible for human complex diseases,
which can significantly reduce genotyping effort without much loss of power. In this
paper, we summarize the dynamic programming algorithms developed for haplotype
block partitioning and tag SNP selection, with a focus on algorithmic consideration.
Extensions of the algorithms for use to genotype data from unrelated individuals as
well as genotype data from general pedigrees are considered. Finally, we discuss the
implications of haplotype blocks and tag SNPs in association studies to search for

complex disease genes.

Introduction

The pattern of linkage disequilibrium (LD) plays a central role in genome-wide associ-
ation studies of identifying genetic variation responsible for common human diseases
(Kruglyak 1999; Nordborg and Tavaré, 2002; Risch and Merikangas, 1996; Weiss
and Clark, 2002). Comparing with traditional linkage studies, association studies
based on LD have two major advantages. First, only unrelated individuals need to be
genotyped, which makes it possible to utilize a large number of individals. Second,
because LD reflects a large number of historical recombination events, rather than
just those in a pedigree, it is possible to map genes on a fine scale. Single nucleotide
polymorphism (SNP) markers are preferred over microsatellite markers for associa-
tion studies because of their high abundance along the human genome (SNPs with
minor allele frequency greater than 0.1 occur once about every 600 basepairs) (Wang

et al., 1998), the low mutation rate, and accessibility to high-throughput genotyping.



However, genotyping a large number of individuals for every SNP is still too expensive

to be practical using current technologies.

The number of SNPs that are required for a genome-wide association study depends
on the pattern of LD. The more rapid the decay of LD, the more SNPs are needed.
Previous studies have observed substantial variation in LD patterns across the human
genome (Dunning et al., 2000; Taillon-Miller et al., 2000; Eisenbarth I et al., 2001;
Reich et al., 2001). Thus, the number of SNPs that are needed for a genome-wide
association study has been greatly debated in recent years. The estimations for the
number of SNPs for an association study have large variation using either simulations
(Kruglyak, 1999) or empirical studies (e.g., Reich et al., 2001). Recent studies have
shown that the human genome can be parsed into discrete blocks of high LD inter-
spersed by shorter regions of low or no LD (Daly et al., 2001; Dawson et al., 2002;
Gabriel et al., 2002; Johnson et al., 2001; Patil et al., 2001). Only a small number
of characteristic ("tag”) SNPs are sufficient to capture most of haplotype structure
of the human genome in each block (Johnson et al., 2001; Patil, et al., 2001). Thus
the required number of SNPs could be greatly reduced without much loss of power

for association studies (Zhang et al., 2002a).

Many methods have been proposed to identify haplotype blocks and corresponding
tag SNPs (Gabriel et al., 2002; Patil et al., 2001; Wang et al., 2002; Zhang et al.,
2002b). It is not obvious which method should be used for haplotype block partition
and tag SNP selection, however. Available methods can be classified into two groups.
One is to first identify the boundary of blocks, and then select tag SNPs in each
resulting block (Daly et al., 2001; Dawson et al., 2002; Gabriel et al., 2002; Wang
et al., 2002). The other group of methods partition the haplotypes into blocks to
minimize the total number of tag SNPs over a region of interest or the whole genome
(Patil et al., 2001; Zhang et al., 2002b; Zhang et al., 2003). In this paper, we review
the dynamic programming algorithms developed for haplotype block partitioning and
tag SNP selection to minimize the total number of tag SNPs based on either haplotype
data or genotype data. Our approaches fall in the second category of methods.



A Dynamic Programming Algorithm for Haplotype
Block Partition for the Whole Genome

In a large-scale study of chromosome 21, Patil et al. (2001) identified 20 haplotypes
by a rodent-human somatic cell hybrid technique consisting of 24,047 SNPs (with
at least 10% minor allele frequency) spanning over 32.4 Mbps. They developed a
greedy algorithm to partition the haplotypes into 4,135 haplotype blocks with 4,563
tag SNPs based on two criteria: (1) In each block, at least 80% of the observed
haplotypes are represented more than once, and (2) the minimum set of tag SNPs
that can distinguishing at least 80% of haplotypes is selected as tag SNPs. Zhang et
al . (2002b) followed the definitions of haplotype block and tag SNPs as in Patil et
al. (2001). For the same data, they reduced the numbers of blocks and tag SNPs to

2,575 and 3,582, respectively, using a dynamic programming algorithm.

Before recalling the dynamic programming algorithm, we adopt the notation used in
Zhang et al. (2002b) and Zhang et al. (2003). Assume that we are given K haplotype
samples comprised of n consecutive SNPs: s1, 59, -+, s,. For simplicity, the SNPs are
referred as 1,2, - -+ ,n in the context. Let hi, ho, -+ , hx be the K haplotype samples.
Each haplotype hix, k = 1,2,--- , K, can be represented as an n-dimensional vector
with the i-th component hy(7) = 0, 1, or 2 being the allele of the k-th haplotype at
the i-th SNP locus, where 0 indicates missing data, and 1 and 2 are the two alleles.
To make the present paper self-contained, we summarize the definitions of ambiguous
and unambiguous haplotypes used in Patil et al. (2001) and Zhang et al. (2002b).
Consider haplotypes defined by SNPs i to j. Two haplotypes, hy and hy , are compat-
ible if the alleles for the two haplotypes are the same at the loci with no missing data,
that is hy(i) = hy (i), for any 1,4 <1 < j and hy(i)he (i) # 0. A haplotype in a block
is ambiguous if it is compatible with two other haplotypes that are themselves incom-
patible. For example, consider three haplotypes hy = (1,0,0,2), hy = (1,1,2,0), and
hs = (1,1,1,2). Haplotype h; is compatible with haplotypes hs and hs, but hs is not

compatible with h3 because they differ at the third locus. Thus, hy is an ambiguous



haplotype, whereas hy and h3 are unambiguous haplotypes. In Patil et al. (2001) and
Zhang et al. (2002b), only unambiguous haplotypes were included in the analysis and

compatible haplotypes were considered as identical haplotypes.

The following definitions of haplotype block and tag SNP were first used by Patil et
al. (2001), and then generalized by Zhang et al. (2002b; 2003). A set of consecutive
SNPs can form a block if at least o percent of haplotypes are common haplotypes.
The tag SNPs were chosen as the minimum set of SNPs that can distinguish at least
a percent of the haplotypes. Due to the small sample size (20 haplotypes) used in
Patil et al. (2001), the common haplotypes are those represented more than once.
In general, the common haplotypes are defined as those haplotytpes with frequency
at least 7. Given a and , the following functions were defined (Zhang et al., 2002b;
Zhang et al., 2003) for a set of consecutive SNPs for SNP i to SNP j:

e block(i,...,7) = 1if SNPs from i to j form a block. Otherwise, this function is
defined as 0.

e f(i,...,7): the number of tag SNPs within a block formed by SNPs from i to j.
Given a set of disjoint blocks, B = {By, Bs,...,B;} and By < By < ... < By,
where By < B, indicates that the last SNP of B; is located before the first
SNP of By , (note that the last SNP of B; and the first SNP of By are not
necessary to be consecutive, thus the interval between them is excluded from

this block partition), the total number of tag SNPs for these blocks is defined
I
by f(B) = ;f(Bi)-

Using the above criterion for defining blocks and tag SNPs, Zhang et al. (2002b)
designed a dynamic programming algorithm to partition haplotypes into blocks with
the minimum total number of tag SNPs. Define S(j) to be the number of tag SNPs
for the optimal block partition of the first j SNPs, sq,...,s; and set S(0) = 0. Then,

S(j) =min{S(G@ — 1)+ f(i,...,7), if 1 <i < j and block(i,...,j) = 1}.
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Using the recursion, a dynamic programming algorithm was developed to compute
the minimum number of tag SNPs for all of the n SNPs, S(n), and trace back to find

the optimal block partition.

In practice, there may exist several block partitions that give the minimum number
of tag SNPs. Zhang et al. (2002b) used another dynamic programming algorithm to
find the partition with the minimum number of blocks simultaneously. Let C'(j) be
the minimum number of blocks of all the block partitions requiring S(j) tag SNPs in
the first j SNPs. Then, applying dynamic programming theory again,

C(j) =min{C(i —1)+1, if 1<i<j and block(i,...,j) =1

and S(j) =S —1)+ f(¢,...,5)}

where C'(0) = 0. By this recursion, the minimum number of blocks in the partition,

C,,, can be computed.

It is worth noting that the problem of finding the minimum number of tag SNPs within
a block to uniquely distinguish all the haplotypes is known as the MINIMUM TEST
SET problem, which has been proven to be NP-Complete (Garey and Johnson, 1979).
Thus, there are no polynomial time algorithms that guarantees to find the optimal
solution for any input. However, the number of tag SNPs in a block is generally small,
so Zhang et al. (2002b) enumerated all the possible SNP combinations to find them.
The complexity of this algorithm can be easily analyzed. The space complexity for
this algorithm is O(K - n). Given a block of £ SNPs: s;,...,s;1x_1, the computation
time for Block(i,...,i +k — 1) is O(K? - k) because we need to determine if any
two of the K haplotypes are compatible at these SNPs in the block. In total, there
are at most O(n - N) blocks, which requires O(K? - N? - n) time for computing all
values of Block(-). N is the number of SNPs contained in the largest block, and
N < n generally. The enumeration method for computing f(i,...,J) costs at most
time O(NX) theoretically but runs much faster in practice. Thus, the overall time

complexity becomes (K? - N¥72.p).



Other than the definitions of haplotype block and tag SNPs used in the study of
Patil et al. (2001) and a series papers of Zhang et al. (2002a, 2002b, 2003), many
other definitions for hapotype blocks have been used in previous studies. Daly et al.
(2001) identified regions between which there is no apparent recombination event as
blocks. Gabriel et al. (2002) looked for areas within which the most pairs of SNPs
have high LD measures, for example D’, as blocks. Wang et al. (2002) determined
the segments in which there is no evidence for historical recombinations between any
pair of SNPs as blocks using the four-gamete test. Other methods for identifying
tag SNPs for a given block have also been proposed. For example, Johnson et al.
(2001) proposed to choose tag SNPs based on haplotype diversity. We point out that
the other definitions for haplotype block and tag SNPs can be easily incorporated
into the dynamic programming algorithm. Zhang et al. (2002b) adapted another
method for tag SNP selection into their dynamic programming algorithm, in which
f(+) was defined as the minimum number of SNPs required to explain a percentage
of the total haplotype diversity in the block. The dynamic programming algorithm is
still valid (Zhang et al., 2002b). The dynamic programming algorithm also provides
a general framework to refine the blocks obtained by other methods. For instance,
Wang et al. (2002) used four-gamete test to identify regions in which there are no
historical recombinations between each pair of SNPs and define such regions as blocks.
However, there may exist many block partitions that satisfy this criteria and it is hard
to choose one without additional information. By setting f(-) = 1 for all potential
blocks, we can use the dynamic programming algorithm to find a block partition
with the minimum number of blocks, which is equivalent to find a block partition

with minimum number of recombination events.



Dynamic Programming Algorithms for Haplotype

Block Partition with Limited Resources

In the above studies, we tried to minimize the total number of tag SNPs for the
entire chromosome. However, when resources are limited, investigators may not be
able to genotype all the tag SNPs and instead must restrict the number of tag SNPs
used in their studies. With a given number of tag SNPs to be genotyped, some of
SNPs may be excluded from the analysis. The objective now is to prioritize SNPs and
corresponding chromosomal regions for genotyping in association studies with limited
resources. To achieve this, Zhang et al. (2003) introduced an additional function to

represent the length of a set of consecutive SNPs, s;,...,s;:

o L(i,...,7): the length of SNP i to j. It can be defined as the number of SNPs,
L(i,...,j) = j— i+ 1. It can also be set as the actual length of the genome
spanning from the i-th SNP to the j-th SNP. Given a set of disjoint blocks,
B = {By, By, ..., B}, the total length for these blocks is L(B) = S.I_, L(B,).

Based on the above notation, Zhang et al. (2003) proposed to find the haplotype block
partition to maximize the total length of the region included with a fixed number of

tag SNPs and gave the following mathematical formulation:

Block Partition with a Fixed Number of Tag SNPs (FTS): Given K haplo-
types consisting of n consecutive SNPs, and an integer m, find a set of disjoint blocks

B ={B,Bs,...,Br} with f(B) <m such that L(B) is maximized.
This problem was converted to an equivalent, ”dual” problem as follows:

Block Partition with a Fixed Genome Coverage (FGC): Given a chromosome
with length L, K haplotypes consisting of consecutive n SNPs, and 5 < 1, find a set
of disjoint blocks B = {By, By, ..., B} with L(B) > L such that f(B) is minimized.



Zhang et al. (2003) developed a 2-dimensional (2D) dynamic programming algorithm
for the FTS problem, and then a parametric dynamic programming algorithm for

the FGC problem.

A 2D Dynamic Programming Algorithm

Let S(j,k) be the maximum length of the genome that is covered by at most k
tag SNPs for the optimal block partition of the first 7 SNPs, j = 1,2,...,n. Set
S(0,k) =0 for any k > 0 and S(0,k) = —oo for any k& < 0. Then,

(S(j—l,k:)
S k) =max$ S(i—1,k— fG,....5)) + L(i,....,5)

for all 1 < ¢ < j where block(i,...,7) = 1.

\

Let B = {By, By,..., B} be the set of disjoint blocks for S(j, k) such that L(B)
is maximum with the constraint f(B) < k. Then either the last block B, ends
before j, such that S(j,k) = S(j — 1,k), or B, ends exactly at j and starts at some
i*,1 <i<j,suchthat S(j,k) =S(*—1,k— f(By)) + L(B,). Using this recursion,
Zhang et al. (2003) designed a dynamic programming algorithm to compute S(n, m),
the maximum length of genome that is covered by m tag SNPs. The optimal block
partition B can be found by back tracking the elements of S that contribute to
S(n,m).

Zhang et al. also analyzed the complexity of this algorithm for K haplotypes consist-
ing of n SNPs. The space complexity for this algorithm is O(m - n) . If the values of
block(-), f(+), and L(-) have been pre-computed, the time complexity of this algorithm
is O(N - m - n), where N is the number of SNPs contained in the largest block, and
N < n for large n generally. Since the computation time for L(---) is O(1) ,the

overall time complexity becomes O(K?- NK*2.n 4+ N .m . n).



A Parametric Dynamic Programming Algorithm

Zhang et al. (2003) proposed a parametric dynamic programming algorithm to solve
the FGC problem. For a consecutive set of SNPs i,. .., j, if block(i,...,j) = 1 and
this block is included in the partition, the score for them is defined as f(-), which is
the number of tag SNPs in this block. If these SNPs are excluded from the partition,
the score for this exclusion is defined as AL(i,...,7), where X is the parameter for
deletion and A > 0. This parameter plays a crucial role in the algorithm. A can
be regarded as the penalty for each unit length of the excluded regions. Using this
scoring scheme, they scored a block partition by f(B) + AL(F), where B represents
the included blocks, and E represents the excluded SNPs. Let the scoring function
S(j,A) be the minimum score for the optimal block partition of the first j SNPs
(j = 1,2,...,n) with respect to the deletion parameter A\. Let S(j,\) = 0. Zhang
et al. (2003) applied the dynamic programming algorithm to obtain S(j, A) by the

following recursion:

S =1\ 4+ AL(G,....5),1<i<j:
S(j,\) = min ( ) ( )
S(i—1,\)+ f(i,...,75),1 <i<jand block(i,...,j) = 1.

For any j, if there exists i* satisfying 1 < i* < jand S(j,\) = S(i* =1, \)+f(i*, ..., J),
then the block [¢*, ..., j] is included in the partition. Otherwise, there must exist i*
satisfying 1 < i* < jand S(j,\) = S(#* — 1, \) + AL(3*, ..., j), such that the interval

[i*,..., 7] is excluded from the partition.

Obviously, S(n,0) = 0 since all SNPs are excluded from the block partition, and
S(n,o00) equals the minimum number of tag SNPs for the entire genome because all
SNPs are included in the block partition. S(n,c0) can be obtained by the dynamic
programming algorithm developed by Zhang et al. (2002b). For any fixed A > 0,
the parametric dynamic programming algorithm can compute the optimal solution

with included blocks and excluded intervals. Zhang et al. (2003) showed that if
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the length of the included blocks equals to SL, then the number of tag SNPs is
S(N,A) — A(1 — )L which must be equal to the minimum number of tag SNPs that
is necessary to include at least SL of the genome length. Thus, FGC problem can

be solved by this parametric dynamic programming algorithm.

The parametric dynamic programming algorithm is a natural extension of the classical
dynamic programming algorithm and has been served as a classical computational tool
in sequence alignment, where the parameters are the weight of matches, mismatches,
insertions/deletions and gaps (Gusfield et al., 1994; Waterman et al., 1992). Thus,
the methods developed in Gusfield et al., (1994) and Waterman et al. (1992) can be
used to study the properties of block partitions according to the deletion parameter .
According to Waterman et al. (1992), it can be shown that S(n, ) has the following

properties:

S(n,A) is an increasing, piecewise-linear, and convex function of A\. The right-most
linear segment of S(n, ) is constant. The intercept and slope for S(n,A) for each
piecewise-linear segment are the total number of tag SNPs and the total length of

excluded intervals, respectively.

Waterman et al. (1992) proposed a method to find S(n,\) for all A > 0 efficiently,
which was outlined in Zhang et al. (2003). Zhang et al. (2003) studied the complexity
of the above algorithm. The calculation of 121}%{3 (t—1,\)+ f(i,...,7)} depends on
the block structure of the haplotypes and is the same as the dynamic programming
algorithm for the haplotype block partitioning (Zhang et al., 2002b). The parametric
algorithm takes O(N -n?) time to compute 11;13%{5(2' —1,\)+AL(i,...,5)}, where N
is the number of SNPs contained in the largest block. However, if L(-) is an additive
function, the time can be reduced to O(N -n) time (Waterman et al., 1992; Waterman,
1995). Thus, the total time for finding S(n, \) is O(K?- NE+2.n+ N - S-n), where K
is the total number of haplotype samples, and S is the number of segments in S(n, \),

which is less than the total number of tag SNPs.

After finding all the line segments of S(n, A), we know the entire function of S(n, \).

11



At each intersection point (z, S(n, z)), several block partitions with different numbers
of tag SNPs and lengths of excluded intervals may have the same score. We choose
the right-most one with the maximum number of tag SNPs and the minimum length
of excluded intervals. For each line segment between two intersection points, both
the total number of tag SNPs and the total length of excluded intervals are constant
along this segment, and both are equivalent for the low intersection point between
this segment and the previous segment. We can sort the number of tag SNPs by
an ascending order according to the deletion parameters at the intersection points.
The gaps between these numbers give us information as to how the block partition is

affected by the deletion parameter .

The above scoring scheme using L(-) treats each SNP or each chromosome segment as
equally important. Functional SNPs play a crucial role in association studies because
they directly code proteins. Thus, investigators may try to keep as more as possible
coding regions instead of non-coding regions. Zhang et al. (2003) proposed weighted
schemes for defining function L(-), in which a higher penalty was added to the SNPs in
coding regions, to accommodate this information. For example, they gave an example

of L(-) as follows:

L,....j)=j—i+1—n.+Tx*n,

where n. is the number of SNPs in coding regions and 7" is a relatively large positive

number.

Haplotype Block Partitioning with Genotype Data

from Unrelated Individuals

The above methods (Zhang et al., 2002b; Zhang et al., 2003), along with other meth-
ods (Patil et al., 2001; Wang et al., 2002) were initially developed based on haplotype

12



data. Although laboratory techniques, such as allele-specific long-range PCR, (Mich-
lataosBeloin et al., 1996) or diploid-to-haploid conversion (Douglas et al., 2001), have
been used to determine haplotypes in diploid individuals, these approaches are tech-
nologically demanding and expensive, which makes it impossible to do a large scale
study across the whole genome such as done by Patil et al. (2001). For these reasons,
multiple large-scale genotype data rather than haplotype data are being generated.
It is necessary to develop methods to extract block information from genotype data

directly.

In all the three dynamic programming algorithms (Zhang et al., 2002b; Zhang et al.,
2003) we studied, the boundary of blocks and the number of tag SNPs depend on
three functions for a set of consecutive SNPs, s;,...,s;: Block(i,...,j), f(i,...,])
and L(i,...,j). Block(-) and f(-) can be efficiently computed from a set of haplotypes
and their frequencies. Thus, we define the haplotype block partitioning problem based

on genotype data from unrelated individuals as follows.

Suppose we are given genotypes of a group of individuals. For a consecutive set of
SNPs s;, si41, ..., S;, we can first estimate the haplotype frequencies and then infer the
two haplotypes of each individual. To calculate S(j)(j = 1,2,...,n), the haplotype
frequency and the haplotype pairs carried by each individual are estimated for a set
of a consecutive set of SNPs: s;, s;41,...,5;, in which ¢ is set equal to j initially. The
function, block(i,...,j) and f(i,...,7) are then computed based on these estimates.
If this set of SNPs can form an block, then we extend our inference of haplotypes and
their frequencies to the set of SNPs, s;_1,s;,...,s;, and compute Block(-) and f(-).

Otherwise, we repeat the above procedure to compute S(j+ 1) until S(n) is obtained.

Many methods are available to infer haplotypes and their frequencies based on geno-
types of unrelated individuals. They can be divided into those based on combinatorics
(Clark, 1990; Gusfield, 2001) and those based on statistics (Excoffier and Slatkin,
1995; Hawley and Kidd, 1995; Lin et al., 2002; Niu et al., 2002; Stephens et al.,
2001; Qin et al., 2002). Combinatorics based methods assign the two haplotypes of

13



an individual first and then the frequencies of haplotypes are estimated based on
the assigned haplotypes. While statistical methods first estimate the frequencies of
haplotypes and then two haplotypes are assigned to each individual according to the
likelihood function. Although there are still debates about the optimal methods for
inferring haplotype frequencies and reconstructing two haplotypes for each individ-
ual, the methods incorporated in the dynamic programming algorithms should be
fast enough to infer haplotypes and their frequencies in all consecutive sets of SNPs
that can form a potential block. In the study of Patil et al. (2001), the largest block
contains more than 100 SNPs. In addition, we infer haplotypes and their frequen-
cies for each consecutive set of SNPs that can form a potential block, rather than
infer them for the whole set of SNPs. The haplotype inference program would be
executed many times in a single round. Therefore, we chose the Partition-Ligation-
Expectation-Maximization (PL-EM) algorithm for haplotype inference (Qin et al.,
2002) and incorporated into dynamic programming algorithms. In the PL-EM algo-
rithm, all of the SNP loci are broken down into ”atomistic” units that only contain
several SNPs (usually 5-8 SNPs) and have one or two common SNPs with adjacent
units. EM algorithm is first employed within each unit to infer the frequencies of
haplotypes and haplotypes for each individual, then applied to "ligate” two adjacent
partial haplotypes together. In general, EM algorithm is efficient in time and space for
small number of SNP markers. Thus, this strategy can solve the speed and memory
constraints generally existed in EM algorithm and makes it suitable for large-scale

recovery of haplotypes from genotype data.

To recover the haplotypes from genotype data in a large scale, Eskin et al. (2003)
combined a local haplotype prediction algorithm and a dynamic programming algo-
rithm together to determine the block boundaries directly from the genotype data.
In their local haplotype prediction algorithm, they determined a set of possible hap-
lotype that appear in samples based on imperfect phylogeny, in which the number
of haplotypes is much less than then number of haplotypes that are compatible with

the genotype of samples. This makes it possible to estimate the frequency of these

14



haplotypes using EM algorithm for a relative large number of SNPs. However, it is
not clear if their local haplotype prediction algorithm could be extended to predict
haplotypes for larger number of SNPs, especially for more than 100 SNPs. In this
situation, the decreased number of haplotypes that are compatible with imperfect
phylogeny could be too large to be handled by EM algorithm. As we mentioned be-
fore, there is a largest block with more than 100 SNPs in an empirical study (Patil
et al. 2001). Actually, based on the same data and parameter setting, there are six
blocks with more than 100 SNPs and 11 blocks with more than 80 SNPs in blocks
identified by Zhang et al. (2002b). Our current implementation of EM-PL algorithm
could prediction haplotypes from about 100 samples for up to 250 SNPs. This kind

of scale should be large enough for most studies.

Haplotype Block Partitioning with Genotype Data

from General Pedigrees

Although many methods have been developed for estimating haplotype frequencyies
using unrelated individuals, pedigree data are routinely collected in genetic studies.
The genetic information from relatives in a general pedigree can help us resolve hap-
lotype ambiguity. Even if ambiguities may still exist with data from a very large
pedigree, the reduction of haplotype ambiguity can help us improve the efficiency for
estimating haplotype frequencies (Becker and Knapp, 2003). Thus, genotype data
from general pedigrees combined with that from unrelated individuals can be used to
improve the accuracy of the estimates for haplotype frequency and to detect haplotype
blocks more reliably. Suppose that the haplotype frequencies can be estimated for
each set of consecutive SNPs that can form a potential block, the dynamic program-
ming algorithms for haplotype block partitioning using genotype data from general
pedigrees are essentially the same with algorithms outlined in the previous section.
Thus, we focus on deriving an EM algorithm for estimating haplotype frequencies

from general pedigrees in the rest of this section.
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We make two assumptions. First, we assume Hardy-Weinberg equilibrium (HWE)
for haplotypes carried by each individual. This is the fundamental assumption of
EM algorithm for haplotype frequency estimations (Exofficer et al., 1995; Hawley
et al., 1995). Second, we assume that there is no recombination event within a
family for a set of consecutive SNPs within the family, s;,...,s;. The rationale
behind this assumption is that there is high LD and relatively low recombination
in each block. Under this assumption, each haplotype is recoded as an allele at a
single multiallelic locus. The multi-locus genotypes can be represented as single-locus
genotypes using the recoded alleles. Laws of Mendelian inheritance (O’Connell et al.,

2000) are assumed to be hold.

We introduce the following notation in our computations. Suppose that there are
total of K haplotypes comprised of SNPs s;,...,s;: H = {hy, ho,...,hg}. Their
frequencies in the population are represented as © = {61,0,,...,0}. Assume that
we have a total of F' families. We define an individual in a pedigree as a non-founder
if both parents are available and others are referred as founders. In a family f (1 <
f < F),let ny be the number of founders and my be the total number of individuals
in the family. The n; founders are indexed as 1,...,n; and the m; —ny non-founder
individuals are indexed as ny 4+ 1,...,my. The genotype and two haplotypes of
individual 7 in family f are denoted as Gy, and Hy; = {hy, 1,hy, 2}, respectively.
It is likely that many haplotype pairs are compatible with the genotypes of families
under the assumption of no recombination events. Let Sy, denote all the compatible
haplotype pairs for individual r in family f. It is worth noting that the unrelated
individuals can be included into our model. Each individual forms a family and is the
only founder member in this family. In this case, S contains all possible haplotype

pairs compatible with the genotype of this individual.

The objective is to estimate the haplotype frequencies based on the genotypes of the

16



families. For a family f, the likelihood of the genotypes of the family is:

Lf(Gflv""Gfmf|@): Z Z PT(GfN'"7Gfmf7Hf1""7Hfmf|@)
Hp €8y Hpp €Sy,
= Z Z PT(GfN'“7Gfmf|Hf17"'7Hfmf7@)

Hp €8y Hpm €Sy,

PT’(Hfl,...,Hfmf’@)

ny my
= > . >, llprHsle) [ PrHy,|Hf, HY)
Hy €8y Hpp  €Spp, , 7=1 r'=ng+l

where Pr(Hy, |©) = 20y, 104, 2 if hy 1 # hy o and Pr(Hy, |©) = 05,104, 0 if hy 1 =
hy o for r =1,...,n; under the assumption of HWE; and Pr(Hfr,|H£,, H%) (r' =
ng+1,...,my) is the gamete transmission probabilities for unordered genotypes
where H ;: cand H ]{‘fl are the haplotype pairs for the father and mother, respectively
(Elston and Stewart, 1971). The likelihood of all the data is obtained by multiplying
Ly(Gy,, ..., Gy, |©) across all the families. We then estimate 6 using the maximum
likelihood estimation (MLE) approach. It is difficult to directly obtain the MLE of
O. EM algorithms are frequently used to estimate ©.

Suppose that we know that © = ©*) and we want to estimate O 1 In the E-step,
we introduce the following notation. Let

al,f(Hfl,...,anf) = #{hl in Hfl""7anf}

nf

= (I, () + In,, o (R)).

=1

which is the number of haplotype [ present in the founders of family f (I =1,..., K).

Let

*) ny mpy

=3 .. a,,f(Hfl,...,anf)HPr(Hfr\@Uf)) 11 Pra =], HY),
Hyp €5 Hipy €8 r=1 r'=nj+l

which is the weighted number of haplotype [ appeared in the founders of family
N

f. We define an normalization constant C](ck) satisfying C’J(ck) > ﬁl(’k) = 2ny to evade
=1

the calculation of Mendelian likelihood of the whole family. In the M-step, we can
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estimate Ot from all families as follows:

B!

F
ot =" 2 np) (1=1,2,.. K).

f=1 f=1
The EM-based method of estimating haplotype frequencies can be very computation-
ally intensive, since the likelihood for each configuration of founder haplotype pairs
is computed during each iteration. Even if a large pedigree is very helpful to elimi-
nate the number of compatible haplotype configurations to reduce the computation,
this number could still be too large to make the computation practical, especially
for a large number of SNP loci with the presence of missing data. In general, the
genotype elimination method (Lange and Goridia, 1987) can be used to accelerate
the likelihood evaluation (O’Connell, 2000) in the first step. However, the genotype
elimination algorithm itself can be very time consuming too. We propose to use a
rule-based method to partially assign the haplotypes to each individual (Wijsman,
1987) first and then perform genotype elimination. Several other techniques, such as
set recoding (O’Connell and Weeks, 1995) and the partition-ligation technique (Qin
et al., 2002) can further reduce the complexity in performing genotype elimination

and EM algorithm.

Discussion

Several recent studies have suggested that the human genome can be divided into
blocks with high LD within each block. Due to this feature, a relative small fraction
of SNPs can capture most of the haplotypes in each block. In this paper, we review
a set of dynamic programming algorithms for haplotype block partitioning and tag
SNP selection (Zhang et al., 2002b; Zhang et al., 2003). These algorithms guarantee
to find the blocks with minimum number of tag SNPs. Thus, genotyping efforts can
be reduced as much as possible. These algorithms also provided a general frame-
work to accommodate other block definitions and criteria for tag SNP selection. For

example, Schwartz et al. (2003) examined the robustness of inference of haplotype
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block structure for three methods based on two optimal criteria: minimizing the total
number of blocks and minimizing the total number of tag SNPs. Both approaches

were achieved by the dynamic programming algorithm (Zhang et al., 2002b).

Most methods for block partitioning and tag SNP selection were developed primar-
ily based on haplotype data. Recently, block-detection methods based on genotype
data have been developed (Eskin et al., 2003; Greenspan and Geiger, 2003). In this
paper, we discuss extensions of dynamic programming algorithms to genotype data
from unrelated individuals as well as genotype data from general pedigrees. The most
difficult part in this step is to estimate the haplotype frequency and two haplotypes
carried by each individual efficiently. Although many methods have been developed
in this area, the haplotype inference and analysis from large pedigrees remain a chal-
lenging problem. Furthermore, with the accumulation of different types of data, such
as case-control data, sibship data, pedigree data, and pooled DNA genotype data
(Sham et al., 2002), new tools for haplotype inference from these combined data need

to be developed.

The extent of LD varies among different populations, and thus haplotype block struc-
ture also show substantial variation, especially among African and other populations
(Gabriel et al., 2002). However, the available methods are all based on the assump-
tion that the population under study is homogeneous. A possible way around this
problem is to first use unrelated SNPs to divide a general population into several
homogeneous populations (Pritchard and Rosenberg 1999), and then obtain the hap-
lotype block partitions and the tag SNPs for each population. On the other hand, the
current HapMap will be constructed based on several major populations and applied
to the other unstudied populations. Obviously, this may be problematic and more

data are needed to evaluate the validity of such generalizations.

Many methods for haplotype block detection have been developed. The haplotype
block structures and the tag SNPs identified in each study depend heavily on the
method used. Even using same definition of haplotype blocks and tag SNPs, the
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boundary of haplotype blocks and the tag SNPs in each block identified by the dy-
namic programming algorithm and other methods may not be unique, making it very
difficult to compare them. Undoubtedly, this comparison along with the biological
relevance of haplotype blocks, such as their relations with recombination hot spot,
genetic drift, population history and other factors (Jeffreys et al., 2001; Phillips et
al., 2003), are of great interest. Our interest of haplotype block is its potential utility
in association studies: to reduce the genotyping effort and preserve high power in
mapping disease genes responsible for human complex diseases. Under this criterion,
different methods can be compared. Zhang et al. (2002a) compared the power of
different tests using tag SNPs and all SNPs by extensive simulations. They found
that the power using 20% tag SNPs is only reduced less than 10% under certain con-
ditions. However, they did not extend it to other tag SNP identification methods.
Obviously, the assessment of power using tag SNPs conducted from different methods

would be of great interest and extremely helpful for association studies.

One of the most important implications of haplotype block is the genotyping effort
can be largely reduced without much loss of power using only tag SNPs. Markers
within the same block generally show a strong LD pattern. This advantage, along
with the relatively smaller number of haplotypes defined by tag SNPs in each block
provides a possible way to resolve the complexity of haplotypes. Thus, we can use
each block as a unit in association studies (Daly et al., 2001). However, haplotype
block boundaries are not unique and substantial LD can be found between loci in
different blocks (Gabriel et al., 2002). Therefore, the effectiveness of using each block
as a unit to study the association between complex traits and candidate regions needs

to be further investigated.
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