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ABSTRACT
Motivation: Haplotype reconstruction is an essential step
in genetic linkage and association studies. Although many
methods have been developed to estimate haplotype frequen-
cies and reconstruct haplotypes for a sample of unrelated
individuals, haplotype reconstruction in large pedigrees with
a large number of genetic markers remains a challenging
problem.
Methods: We have developed an efficient computer program,
HAPLORE (HAPLOtype REconstruction), to identify all hap-
lotype sets that are compatible with the observed genotypes
in a pedigree for tightly linked genetic markers. HAPLORE
consists of three steps that can serve different needs in appli-
cations. In the first step, a set of logic rules is used to reduce
the number of compatible haplotypes of each individual in
the pedigree as much as possible. After this step, the haplo-
types of all individuals in the pedigree can be completely
or partially determined. These logic rules are applicable to
completely linked markers and they can be used to impute
missing data and check genotyping errors. In the second step,
a haplotype-elimination algorithm similar to the genotype-
elimination algorithms used in linkage analysis is applied to
delete incompatible haplotypes derived from the first step.
All superfluous haplotypes of the pedigree members will be
excluded after this step. In the third step, the expectation-
maximization (EM) algorithm combined with the partition and
ligation technique is used to estimate haplotype frequencies
based on the inferred haplotype configurations through the
first two steps. Only compatible haplotype configurations with
haplotypes having frequencies greater than a threshold are
retained.
Results: We test the effectiveness and the efficiency of
HAPLORE using both simulated and real datasets. Our
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results show that, the rule-based algorithm is very efficient
for completely genotyped pedigree. In this case, almost all
of the families have one unique haplotype configuration. In
the presence of missing data, the number of compatible hap-
lotypes can be substantially reduced by HAPLORE, and the
program will provide all possible haplotype configurations of
a pedigree under different circumstances, if such multiple
configurations exist. These inferred haplotype configurations,
as well as the haplotype frequencies estimated by the EM
algorithm, can be used in genetic linkage and association
studies.
Availability: The program can be downloaded from
http://bioinformatics.med.yale.edu
Contact: hongyu.zhao@yale.edu

INTRODUCTION
With the completion of the Human Genome Project, millions
of single nucleotide polymorphisms (SNPs) have become
available through the coordinated efforts to identify genetic
variants in the human genome. These markers will greatly
facilitate the identification of genetic variants underlying
complex diseases. Although methods based on individual
SNPs may lead to significant findings, haplotypes may
provide additional power to map disease genes (Akey et al.,
2001; Kruglyak, 1999; Zhang et al., 2002; Zhao et al.,
2000). In addition, haplotypes may lead to insights on the
factors influencing the dependences among genetic mark-
ers, i.e. linkage disequilibrium (LD), and such insights may
prove essential to understand human evolutions (Daly et al.,
2001; Goldstein, 2001). The potential use of haplotypes
has led to the initiation of the HapMap project to invest-
igate haplotype patterns in the human genome in different
populations (http://www.genome.gov/10001688). Haplotype
inference and frequency estimates are an essential component
of this endeavor.

90 Bioinformatics vol. 21 issue 1 © Oxford University Press 2004; all rights reserved.

http://bioinformatics.med.yale.edu
http://www.genome.gov/10001688


Haplotype reconstruction in general pedigree

Molecular methods, such as allele-specific long-range PCR
(Michlataos-Beloin et al., 1996) or diploid-to-haploid con-
version (Douglas et al., 2001), can be used to directly assay
haplotypes in diploid individuals. However, these methods
are technologically demanding and expensive, making them
impractical for large-scale studies. Instead, genotypes from
individual markers, not haplotypes, are routinely collected in
genetic studies. An alternative strategy for haplotype infer-
ence is through close relatives. Although this strategy may
reduce haplotype ambiguity and improve the efficiency for
haplotype frequency estimates (Becker and Knapp, 2003;
Rohde and Fuerst, 2001; Schaid, 2002), haplotype ambiguity
may still persist when the number of markers is moderately
large (Hodge et al., 1999), especially in the presence of miss-
ing data. Therefore, there is a great need to develop efficient
and accurate statistical methods for haplotype inference from
genotype data of unrelated individuals as well as of general
pedigrees.

There is a growing number of articles on haplotype infer-
ence for unrelated individuals (Excoffier and Slatkin, 1995;
Gusfield, 2001; Hawley and Kidd, 1995; Lin et al., 2002;
Long et al., 1995; Niu et al., 2002; Qin et al., 2002; Stephens
et al., 2001). Similarly, many statistical and algorithmic meth-
ods have been developed for haplotype reconstruction for
related individuals. Some of these methods are based on
exact-likelihood computations (Du et al., 1998; Lander and
Green, 1987; Sobel et al., 1995; Weeks et al., 1995) or based on
approximate-likelihood computations (Kruglyak et al., 1996;
Sobel et al., 1995; Weeks et al., 1995), while others rely
on rule-based strategies (Haines, 1992; Li and Jiang, 2003;
Nejati-Javaremi and Smith, 1996; O’Connell, 2000; Qian and
Beckman, 2002; Tapadar et al., 2000; Wijsman, 1987). All
of these haplotyping methods and programs have elements
in common and have their own weaknesses and strengths.
The likelihood-based methods are limited to a small num-
ber of markers and small pedigrees, owing to the extensive
computations required. Additional information and assump-
tions, such as recombination rates among the markers and
Hardy–Weinberg equilibrium, are generally required to cal-
culate the likelihood. The rule-based methods are ad hoc but
they rely on fewer assumptions and generally run faster than
likelihood-based methods. However, there is no assessment of
the reliability of the results for rule-based methods. In addi-
tion, the rule-based methods can be computationally intensive
if recombination events are allowed among markers and there
are missing data. In fact, Li and Jiang (2003) showed that the
problem of finding a minimum-recombinant haplotype con-
figuration is in general NP-complete. This is to say that there is
no polynomial time algorithm that guarantees to reconstruct
the minimum-recombinant haplotype configuration for any
input.

When no recombination events are allowed among the
markers in the pedigrees, the complexity of the above
algorithms can be substantially reduced. In the absence of

missing data, Li and Jiang (2003) proposed a polynomial-
time exact algorithm to reconstruct all compatible haplo-
type configurations without recombination. These haplotype
configurations can serve as preliminary data for estimat-
ing haplotype frequencies using likelihood-based methods
(O’Connell, 2000). In addition, there is no need to require
information on recombination rates in likelihood-based meth-
ods under the assumption of no recombination. This assump-
tion may be valid due to a shift of focus on association studies
that generally involve many tightly linked markers in a small
region (e.g. Cox et al., 2002; Daly et al., 2001; Patil et al.,
2001), because recombination is an unlikely event for tightly
linked genetic markers. Moreover, recent studies have shown
that the human genome can be partitioned into large blocks
with high LD and relatively low recombination, separated by
short regions of low LD. Therefore, if the markers within the
same haplotype block are analyzed together, it is reasonable
to assume that there is no recombination among these markers
across the pedigrees studied (Wang et al., 2002).

Cox et al. (2002) first compiled zero-recombinant hap-
lotype sets in families for using a simple rule-based pro-
gram combined with a genotype elimination algorithm,
then estimated the haplotype frequencies by the standard
expectation-maximization (EM) algorithm. Generally, meth-
ods for haplotype reconstruction in pedigrees can (1) identify
the partial or complete haplotypes carried by each individual
and check for genotyping error and impute the missing data;
(2) list all compatible haplotype pairs carried by each indi-
vidual; (3) provide more reliable and accurate estimates of
haplotype frequencies along with a set of unrelated individu-
als. However, existing methods are not ideally suited for
these purposes involving many tightly linked genetic mark-
ers in large pedigrees. To meet this need, we have developed a
three-step algorithm to identify all compatible haplotype sets
in a pedigree and estimate haplotype frequencies using both
pedigree data and unrelated individuals. In our algorithm, we
first employ a set of logic rules, which are generalizations of
those developed by Wijsman (1987) and Qian and Beckman
(2002), to deduct all possible haplotypes for an individual in
the pedigree. In the second step, we use the genotype elim-
ination technique (Lange and Goradia, 1987; O’Connell and
Weeks, 1999) to exclude inconsistent haplotypes in a pedi-
gree. As a result, the algorithm will provide all the compatible
haplotype configurations of a pedigree if such multiple con-
figurations exit. These haplotype configurations can be used
in association mapping to increase the statistical power (e.g.
Zhao et al., 2000). In our third step, the PL–EM algorithm
(Qin et al., 2002) is used to estimate haplotype frequencies
based on the compatible haplotype configurations. Genotypes
from unrelated individuals can be easily incorporated into this
step. In the following, we first describe our methods in detail
in the Methods section and then demonstrate the usefulness
of our method through its application to simulated as well as
real datasets.

91



K.Zhang et al.

METHODS
Basic assumptions
The current version of HAPLORE is developed to analyze
genotype data from autosomes under the following assump-
tions: (1) markers are tightly linked, so that recombination
among these loci is unlikely for the observed meioses; (2)
there are no mutations; and (3) there are no genotyping errors.

Logic rules
In this section, we describe our logic rules in detail. A total
of 13 rules are used with the first two rules to initialize the
haplotypes in an individual and the other rules to update
each individual’s haplotypes using genotype information from
its relatives. An extended pedigree is scanned by examin-
ing all the nuclear families in the pedigree using these rules
sequentially.

Before we describe these 13 rules one by one, we define
some notation and terminology used in our rules. For a given
nuclear family, we use H, F, M and P to represent a haplotype
in an offspring, the father, the mother and a parent where no
distinction is made between the father and the mother. We call
a pair of haplotypes anonymous if the parental origins of the
haplotypes are unknown. The two haplotypes of an individual
are denoted by the haplotype symbol followed by 1 and 2. For
example, we use H1 and H2 to represent the two haplotypes
that are anonymous in an offspring.

For a given haplotype, we use the symbol ‘−1’ at a given
locus to indicate that the alleles at this locus have not been
assigned to the two haplotypes when the genotype is available
at this locus. It is easy to see that if there is ‘−1’ in one hap-
lotype, the other haplotype must have ‘−1’ at the same locus.
With this notation, the exact haplotypes can be easily restored
from such haplotypes in combination with the genotypes. For
example, if (1,2), (1,3), (2,2), (1,1) denote the genotypes of
an individual at four loci, then haplotypes H1 = (−1, 1, 2, 1)

and H2 = (−1, 3, 2, 1) correspond to two possible haplo-
type pairs: {(1,1,2,1), (2,3,2,1)} and {(2,1,2,1), (1,3,2,1)}.
Therefore, by using ‘−1’ in a haplotype, we can use only
two haplotypes to represent a set of compatible haplotype
pairs. However, it should be noted that a set of compatible
haplotype pairs might not always be able to be represented
this way using one ‘−1’. More than one ‘−1’ in the haplo-
type has to be used to make such a representation valid. For
example, if (1,2), (3,4), (1,2), (3,4) denote the genotypes of
an individual at four loci, and there are two compatible hap-
lotype pairs, one of them is {(1,3,1,3), (2,4,2,4)}, the other is
{(1,4,1,4), (2,3,2,3)}. Any pair of haplotypes with just one
‘−1’ term cannot represent these two haplotype pairs. As
a compromise, these two haplotype pairs are a subset of
the following representations: {(1, −1, 1, −1), (2, −1, 2, −1)}
or {(−1, 3, −1, 3), (−1, 4, −1, 4)}. If we use {(1, −1, 1, −1),
(2, −1, 2, −1)} to represent them, the possible haplotype pairs
are {(1,3,1,3), (2,4,2,4)}, {(1,4,1,4), (2,3,2,3)}, {(1,3,1,4),

(2,4,2,3)} or {(1,4,1,3), (2,4,2,3)}. The third and fourth hap-
lotype pairs are inconsistent with the original haplotype pairs.
However, it is necessary to use such representation to save
computer memory and running time, which is often the
bottleneck in haplotype inference. This compromise does sac-
rifice accurate haplotype reconstruction and may result in
inconsistent haplotypes in our analysis, but such inconsist-
ency will be resolved in the haplotype-elimination step and
the EM algorithm step.

As mentioned above, the first two rules initialize haplo-
type assignment through parent–offspring pairs and trios using
genotype data from all these individuals. This procedure deals
with one locus at a time but is repeated for all the loci
considered. It, thus, will produce a list of assignments (or
unassignments) of marker alleles at each locus along the hap-
lotype. The objective of these two rules is to determine the
parental origin of alleles at each locus for the offspring.

Rule 1 (R1): For an individual and ONE of its parents,
assign haplotypes at a locus if their genotypes satisfy one of
the following conditions: (1) one of them is homozygous and
(2) all are heterozygous, but their genotypes are not identical.
Otherwise, assign ‘−1’ to this locus in the haplotypes of these
two individuals.

Rule 2 (R2): For an individual and BOTH of its parents,
assign haplotypes at a locus if their genotypes satisfy one of
the following conditions: (1) one of them is homozygous and
(2) all are heterozygous, but their genotypes are not identical.
Otherwise, assign ‘−1’ to this locus in the haplotypes of these
three individuals.

After applying these two rules, the haplotypes of each
individual in the pedigree will be assigned. Some individu-
als have haplotypes with known origin, while others may
only have anonymous haplotypes. It is important to note that
an individual may be assigned different haplotypes through
different pairs or trios when this individual has several off-
spring, or it has both parents and offspring. In this situation,
we choose a haplotype assignment with the minimum num-
ber of ‘−1’s through all these possible pairs and trios. The
assigned haplotypes correspond only to the genotypes of indi-
viduals and the pedigree structure. It can avoid finding an
optimal or nearly optimal individual order in the pedigree
when we perform rules R1 and R2. It is also important to note
that almost all individuals’ haplotypes cannot be determined
unambiguously by using such two simple rules only, espe-
cially for a large number of diallelic loci (Hodge et al., 1999).
In the example given in Table 1, the haplotypes of father and
mother can be assigned through the trio of father, mother and
offspring 1 or through another trio of father, mother and off-
spring 2. As there is only one ‘−1’ in the haplotypes of the
parents by using the first trio, we assigned them through this
trio. Obviously, when we assign haplotypes of offspring 2
through its parents, we can find two ‘−1’s in its haplotypes.
It is easy to determine the origin of the haplotypes in these
offspring.
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Table 1. The haplotype assignments for a family by using rules R1 and R2

Genotype Haplotype after rules R1 and R2

Locus 1 2 3 4 5 1 2 3 4 5

H1 1 1 −1 2 2
Father 12 11 12 22 12

H2 2 1 −1 2 1

H1 1 2 −1 2 1
Mother 12 12 12 12 11

H2 2 1 −1 1 1

F 1 1 −1 2 2
Offspring 1 11 12 12 22 12

M 1 2 −1 2 1

F −1 1 −1 2 2
Offspring 2 12 12 12 22 12

M −1 2 −1 2 1

Once the haplotypes of the individuals in the pedigree are
assigned, we use a set of rules to infer their inheritance pat-
terns: where they are from and where they transmit. R3 and
R4 are used to identify the parental origins of the haplotypes
in an offspring and R5 and R6 are used to identify which par-
ental haplotype is transmitted to the offspring. These rules
jointly utilize the information of each individual’s haplotypes
and genotypes. Thus, they are more general than the rules
developed by Wijsman (1987). We define two haplotypes to
be different if one haplotype contains an allele that is differ-
ent from the allele in the other haplotype at a certain locus.
For example, (−1, −1, 2, 2) and (1, 2, −1, 2) are not different,
but (−1, −1 − 1, 2) and (1, 2, −1, 1) are different because the
alleles at the fourth locus differ.

Rule 3 (R3): For an offspring with haplotypes {H1, H2}
and one of its parents, H1 can be identified to be inherited
from this parent if one of the following conditions is satisfied:
(1) H1 is known from this parent; (2) at a certain locus, the
allele in H2 is not in this parent’s genotype; and (3) H2 is
different from the two haplotypes in this parent.

Rule 4 (R4): For an offspring with haplotypes {H1, H2}
and both of its parents, H1 can be identified to be of paternal
origin if one of the following conditions is satisfied: (1) H1 is
known to be paternal; (2) at a certain locus, the allele in H2 is
not in the father’s genotype; (3) at a certain locus, the allele in
H1 is not in the mother’s genotype; (4) H2 is different from
the two haplotypes in the father; and (5) H1 is different from
the two haplotypes in the mother.

Rule 5 (R5): For an offspring and one of its parents with
haplotypes {P1, P2}, P1 must be transmitted to this offspring
if one of the following conditions is satisfied: (1) at a certain
locus, the allele in P2 is not in the offspring’s genotype and
(2) P2 is different from the two haplotypes in the offspring.

Rule 6 (R6): For an offspring and both of his parents, if the
father’s haplotypes are {F1, F2}, then F1 must be transmitted
to the offspring if one of the following conditions is satisfied:
(1) at a certain locus, the allele in F2 is not in the offspring’s

Table 2. Determination of haplotypes’ origins by using rules R3–R6

Genotype Haplotype after rules R3–R6

Locus 1 2 3 4 5 1 2 3 4 5

H1 1 1 −1 −1 2
Father 12 11 12 12 22

H2 2 1 −1 −1 2

H1 −1 1 −1 −1 1 *
Mother 12 12 12 12 11

H2 −1 2 −1 −1 1

H1 1 1 1 1 2 F
Offspring 12 11 12 12 12

H2 2 1 2 2 1 M

genotype; (2) F2 is different from the two haplotypes in the
offspring; and (3) by assuming F2 being transmitted to the
offspring, the other haplotype in the offspring, namely H and
derived from F2 as one of the offspring’s haplotypes and this
offspring’s genotypes, does not have a maternal origin from
R3 or R4.

In the example given in Table 2, we have trios that are from
a large pedigree and their haplotypes are already assigned by
the other relatives of these individuals. We do not know which
haplotype of the offspring is inherited from its father at first.
But there is an allele ‘1’ at the 5th locus in haplotype H2 and ‘1’
is not found in father’s genotype, so H1 must be from father by
using R3 and H2 from mother at the same time. Further more,
by using R5, we can identify that haplotype H1 (indicated
by an asterisk in the Table) of the mother is transmitted to
offspring H2, because haplotype H2 of the mother is different
from the two haplotypes of the offspring.

After applying R3–R6, we use R7–R9 in conjunction with
R3–R6 to change the haplotypes in an individual. R7 only
assigns an allele to an unassigned locus and will not change
the assigned locus to unassigned. R8 and R9 can reduce the
number of unassigned loci in the haplotypes, equivalent to
reducing the number of ‘−1’s in the haplotype. So during the
use of these rules, some unassigned loci become assigned, and
some assigned loci become unassigned again simultaneously.

Rule 7 (R7): For an offspring and one of its parents,
suppose we can identify that haplotype P in the parent is haplo-
type H in the offspring using R3–R6. (1) If there exists a locus
that P is assigned but H is not assigned, assign the allele at this
locus in P–H. (2) If there exits a locus that P is not assigned
but H is assigned, assign the allele at this locus in H to P.

Rule 8 (R8): For an offspring and one of its parents, sup-
pose we can identify that haplotype H in the offspring is
inherited from this parent, but cannot identify which haplo-
type in the parent produced H. (1) If the number of ‘−1’s in H
is smaller than that in the parental haplotypes, anonymously
replace one of the parental haplotypes by H. (2) If the number
of ‘−1’s in H is more than that in the parental haplotypes and
the parent is homozygous at those loci which are unassigned
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Table 3. Change of haplotype assignments in a nuclear family by using rules R7–R9

Genotype Haplotype
before rules R7–R9

Haplotype
after rules R7–R9

Locus 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5

F 1 1 −1 −1 2 →H1 −1 1 1 1 2
Father 12 11 12 12 22

M 2 1 −1 −1 2 →H2 −1 1 2 2 2

F 2 1 −1 −1 1 →H1 −1 1 2 2 1
Mother 12 11 12 12 11

M 1 1 −1 −1 1 →H2 −1 1 1 1 1

F −1 1 1 1 2 →F −1 1 1 1 2
Offspring 12 11 12 12 12

M −1 1 2 2 1 →M −1 1 2 2 1

in H but assigned in the parent, replace H by one of the par-
ental haplotypes. (3) If the number of ‘−1’s in H is more
than that in the parental haplotypes and the parent is hetero-
zygous at those loci which are unassigned in H but assigned
in the parent, anonymoulsy replace H by one of the parental
haplotypes.

Rule 9 (R9): For an offspring and one of its parents,
suppose we can identify that haplotype P in the parent is trans-
mitted to the offspring, but cannot identify which haplotype
in the offspring corresponds to P. (1) If the number of ‘−1’s
in P is smaller than that in the offspring’s haplotypes, replace
the offspring’s haplotypes by P. (2) If the number of ‘−1’s in
P is more than that in the offspring’s haplotypes and the off-
spring is either all homozygous or all heterozygous at those
loci which are unassigned in P but assigned in the offspring’s
haplotypes, anonymously replace P by one of the offspring’s
haplotypes.

In the example given in Table 3, we have trios that are
in a large family and their haplotypes have been assigned
through the other relatives of these individuals. We know the
origins of the haplotypes in the father, the mother and the off-
spring. For the haplotype F and M in the father, we cannot
identify which one transmits to the offspring by using rules
R3–R6. As the number of ‘−1’s in the haplotypes is more
than that in the haplotypes of the offspring, the haplotypes
of the father are anonymously replaced by the haplotype F
in the offspring using R8. The haplotypes of the mother are
similarly changed.

Rules R3–R6 are very effective to determine the complete
or partial inheritance pattern of the haplotypes. Therefore,
we can use rules R7–R9 to change the assignment of the
haplotypes. However, sometimes R3–R6 may fail to identify
such patterns. Even under such situation, we can still change
their haplotype assignment using the information of relation
between haplotypes among offspring and its parents. Rules
R10 and R11 are similar to R8 and R9 to attempt to reduce the
number of unassigned loci in the haplotypes for an individual
under some subtle conditions.

Rule 10 (R10): For an offspring and one of its parents, sup-
pose we cannot identify the parental origins of the offspring’s
haplotypes and we cannot identify which of the parental hap-
lotypes is transmitted to the offspring through R3–R6. We
further assume that the number of ‘−1’s in the offspring’s
haplotype is smaller than that in the parental haplotypes. Then
one of the parental haplotypes can be anonymously replaced
by one of the offspring’s haplotypes if all of the following
conditions are satisfied: (1) the offspring is either all homo-
zygous or all heterozygous at those loci which are assigned
in the parental haplotypes but unassigned in the offspring’s
haplotypes and (2) their four haplotypes have the same allele
at every locus that are all assigned.

Rule 11 (R11): For an offspring and one of its parents,
suppose we cannot identify the parental origins of the off-
spring’s haplotypes and cannot identify which of the parental
haplotypes is transmitted to the offspring through R3–R6. We
further assume that the number of ‘−1’s in the offspring’s
haplotypes is more than that in the parental haplotypes. Then
one of the offspring’s haplotypes can be replaced by one of
the parental haplotypes if all of the following conditions are
satisfied: (1) the parent is either all homozygous or all het-
erozygous at those loci which are assigned in the parental
haplotypes but unassigned in the offspring’s haplotypes and
(2) their four haplotypes have the same allele at every locus
that are all assigned.

Rules R8–R11 play important roles in our haplotype recon-
struction. The purpose of these rules is to reduce the number
of ‘−1’s in the haplotypes as much as possible by using the
relative’s haplotype. The underlying idea for these rules is that
the decrease in the number of unassigned loci will increase
the information to identify haplotypes’ inheritance pattern.
The fewer the number of ‘−1’s in the haplotypes, the more
likely that the complete and partial inheritance pattern of hap-
lotypes can be determined. This is why we allow the change of
an assigned locus to an unassigned locus in our rules, which is
forbidden in rules developed by Wijsman (1987). The flexibil-
ity of our rules can greatly increase the efficiency in haplotype
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Table 4. An example of the usefulness of rules R10 and R11

People ID Father ID Mother ID Genotype locus
1 2 3 4 5

101 0 0 12 11 12 12 11
102 0 0 12 11 12 12 11
201 101 102 12 11 12 12 11
202 0 0 12 12 12 12 12
301 201 202 11 12 11 22 12

reconstruction. As an example, we apply HAPLORE to the
family shown in Table 4. The haplotypes of individuals 201,
202, 301 are easily identified and the haplotypes of individuals
101, 102 have several haplotype configurations in the initial
analysis, which are shown in Table 5. After rule R10 is used,
all of the five individuals have a unique haplotype configur-
ation as that shown in Table 5. While PATCH, developed by
Wijsman (1987) on the basis of her rules, can only determ-
ine that individuals, 201, 202 and 301 have unique haplotype
pairs. It cannot reduce the four haplotype pairs in individuals
101, 102 to 1.

After rules R7–R11, some loci can be changed from
assigned to unassigned, we then use rules R12–R13 to change
them back. Although these two rules seem trivial, they are
quite useful in haplotype reconstruction (Wijsman, 1987).

Rule 12 (R12): For the haplotypes in an individual, if a
certain locus is unassigned but this person is homozygous at
this locus, assign the homozygous allele to this locus in the
haplotypes.

Rule 13 (R13): For the haplotypes in an individual, if all
of the assigned loci are homozygous and there exists an unas-
signed heterozygous locus, anonymously assign an allele to
this haplotype at this locus.

Consider the example given in Table 6, all of the assigned
loci are homozygous and there exits an unassigned heterozyg-
ous locus, so we assign ‘1’ at the 5th locus to the haplotype
and the origin of this becomes anonymity.

To summarize our rules, we use R1 and R2 to initialize the
haplotypes in an individual and sequentially apply the other
rules to update each individual’s haplotypes by scanning all
nuclear families in the pedigree. The change of the haplotype
assignment of any individual in a family could possibly affect
the assignment for the other individuals of this family and
the individuals of neighborhood families in the pedigree. We
repeat the process until no further changes to the haplotypes
can be made. Our program is not sensitive to the order of
the individuals in the pedigree although the logic rules must
follow a certain order. In Figure 1, we show a logic flow of
the rules used in HAPLORE.

The above rules are developed under the assumption that the
genotypes of all individuals in the pedigree are known. They
can easily be extended to incorporate missing data. When
genotype data are completely or partially missing for some

individuals, a special allele ‘0’ is introduced in our analysis
to represent the missing allele in genotypes as well as in hap-
lotypes. By this notation, the allele ‘0’ in a haplotype of an
individual indicates that we cannot assign an allele to this hap-
lotype and there is at least one missing allele in its genotype
at this locus. Therefore, it is straightforward to generalize
the logic rules to incorporate missing data: (1) rules R1 and
R2 are generalized to assign the haplotypes and impute the
missing alleles in genotypes according to the rules developed
elsewhere (Wijsman, 1987; Qian and Beckman, 2002). (2)
In rules R8–R11, the total number of ‘−1’ and ‘0’ is used
as a criterion to change the haplotype assignment for each
parent-offspring trios. (3) Before performing rules R12 and
R13, a simple rule is developed to impute the missing data
by comparing the two haplotypes and the genotype of an
individual.

The haplotype-elimination algorithm
It is common practice in linkage analysis to use the geno-
type elimination technique to identify those genotypes that
need not be considered during the likelihood calculation.
This technique was proposed to accelerate the computation
of likelihood (Lange and Boehnke, 1983; Lange and Goradia,
1987), and it is fully efficient for pedigrees without loops,
i.e. all extraneous genotypes in the pedigree can be excluded
using this approach. An extension of this algorithm developed
by O’Connell and Weeks (1999) is efficient and guaranteed to
eliminate all superfluous genotypes in all types of pedigrees,
including those with loops.

Theoretically, when the haplotypes in the pedigree are
treated as alleles at a single locus, the genotype elimin-
ation algorithm can be used to reconstruct haplotypes directly
(Lange and Weeks, 1989; O’Connell, 2000; Cox et al., 2002),
especially under our assumptions. O’Connell (2000) used
such algorithms, together with a haplotype-recoding scheme
and a divide-and-conquer strategy to reconstruct zero recom-
binant haplotypes. In the divide-and-conquer approach, all of
the SNPs are broken down into units that contain only sev-
eral SNPs and have one or two common SNPs with adjacent
units. The haplotype-elimination algorithm is first employed
within each unit. Then two adjacent partial haplotypes are
combined using the haplotype-elimination algorithm again.
This approach is efficient when many possible haplotype
pairs can be removed in each unit, but will not reduce the
complexity when some individuals have all possible haplo-
type pairs. Using our rule-based method proposed above,
the complexity could be further reduced. First, we use a
novel method to reconstruct the haplotypes in the pedigree,
so the number of possible haplotypes in an individual can
be lowered before performing the elimination procedure.
Second, the rule-based method can eliminate incompatible
haplotypes before and after each divide-and-conquer step.
Third, our novel haplotype representations make it easy to
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Table 5. The haplotypes identified on the basis of genotypes in Table 4 before and after using rules R10 and R11

People ID Father ID Mother ID Haplotype before using rules R10 and R11 Haplotype after using rules R10 and R11
Locus Locus
1 2 3 4 5 1 2 3 4 5

H1 −1 1 −1 −1 1 H1 1 1 1 2 1
101 0 0

H2 −1 1 −1 −1 1 H2 2 1 2 1 1

H1 −1 1 −1 −1 1 H1 1 1 1 2 1
102 0 0

H2 −1 1 −1 −1 1 H2 2 1 2 1 1

H1 1 1 1 2 1 H1 1 1 1 2 1
201 101 102

H2 2 1 2 1 1 H2 2 1 2 1 1

H1 1 2 1 2 2 H1 1 2 1 2 2
202 0 0

H2 2 1 2 1 1 H2 2 1 2 1 1

F 1 1 1 2 1 F 1 1 1 2 1
301 201 202

M 1 2 1 2 2 M 1 2 1 2 2

Table 6. Change of haplotype assignments in an individual using rules R12 and R13

Genotype Haplotype before R12 and R13 Haplotype before R12 and R13

Locus 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5

F 1 2 −1 2 −1 → H1 1 2 −1 2 1
Individual 11 22 12 22 12

M 1 2 −1 2 −1 → H2 1 2 −1 2 2

R1 R2

R3 R4

R5  R6

R7 R13R8 R9 R10 R11 R12

Fig. 1. Flow of logic rules used in the haplotype reconstruction.
Rules R1–R13 are described in the text.

resolve all the possible haplotype pairs in the individual from
its haplotypes and genotypes. It will play an important role as
the number of marker loci and the number of marker alleles
increase.

The PL–EM algorithm
The EM algorithm has been widely used to estimate hap-
lotype frequencies based on genotype data from unrelated
individuals as well as genotype data from general pedigrees

(Excoffier and Slatkin, 1995; Long et al., 1995; O’Connell,
2000) due to its interpretability and stability. The accuracy
assessment of the EM algorithm performed both in simula-
tion studies (Fallin and Schork, 2000) and with molecular
haplotyped data (Tishkoff et al., 2000; Zhang et al., 2001)
indicated the good performance of the estimated frequencies
of common haplotypes from unrelated individuals. In addi-
tion, genetic information from relatives in a general pedigree
can help us resolve haplotype ambiguity. Even if ambiguities
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;
Rohde and Fuerst, 2001).

In this section, we first focus on deriving an EM algorithm
for estimating haplotype frequencies from general pedigrees.
In addition, we assume Hardy–Weinberg equilibrium (HWE)
for haplotypes carried by unrelated individual. This is a fun-
damental assumption of the EM algorithm for haplotype fre-
quency estimations (Excoffier and Slatkin, 1995; Hawley and
Kidd, 1995). Note that recombination rates are not necessary
in such inference. Under the assumption of no recombina-
tion, each haplotype can be recoded as an allele at a single

96



Haplotype reconstruction in general pedigree

multiallelic locus. The multilocus genotypes can then be rep-
resented as single-locus genotypes using the recoded alleles,
like those in the previous section and elsewhere (O’Connell,
2000).

We introduce the following notation in our computation.
Suppose that there are a total of K haplotypes comprised
SNPs si , . . . , sj : H = {h1, h2, . . . , hK}. Their frequencies
in the population are represented as � = {θ1, θ2, . . . , θK}.
Assume that we have a total of N families. We further assume
that an individual has either both parents or has no parents at
all. 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 ≤ N), let nf be the number of founders
and mf be the total number of individuals in the family.
The nf founders are indexed as 1, . . . , nf and the mf − nf

non-founder individuals are indexed as nf + 1, . . . , mf . The
genotype and two haplotypes of individual r in family f are
denoted as Gfr

and Hfr
= {hfr ,1, hfr ,2}, respectively. It is

likely that many haplotype pairs are compatible with the gen-
otypes of families under the assumption of no recombination
events. Let Sfr

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 compat-
ible with the genotype of this individual. The objective is to
estimate the haplotype frequencies based on the genotypes of
the families. For a family f , the likelihood of the genotypes
of the family is:

Lf (Gf1 , Gf2 , . . . , Gfmf
|�)

=
∑

Hf1 ∈Sf1

· · ·
∑

Hfmf
∈Sfmf

Pr(Gf1 , . . . , Gfmf
,

× Hf1 , . . . , Hfmf
|�)

=
∑

Hf1 ∈Sf1

· · ·
∑

Hfmf
∈Sfmf

Pr(Gf1 , . . . , Gfmf

|Hf1 , . . . , Hfmf
, �) Pr(Hf1 , . . . , Hfmf

|�)

=
∑

Hf1 ∈Sf1

· · ·
∑

Hfmf
∈Sfmf

nf∏
r=1

Pr(Hfr
|�)

×
mf∏

r ′ = nf +1

Pr(Hfr′ |HF
fr′ , H

M
fr′ ),

where Pr(Hfr
|�) = 2θfr ,1θfr ,2 if hfr ,1 �= hfr ,2 and

Pr(Hfr
|�) = θfr ,1θfr ,2 if hfr ,1 = hfr ,2 for r = 1, . . . , nf

under the assumption of HWE; and Pr(Hfr′ |HF
fr′ , H

M
fr′ ) (r ′ =

nf + 1, . . . , mf ) is the gamete transmission probabilities
for unordered genotypes where HF

fr′ and HM
fr′ are the hap-

lotype pairs for the father and mother, respectively (Elston
and Stewart, 1971). The likelihood of all the data is obtained

by multiplying Lf (Gf1 , . . . , Gfmf
|�) across all the families.

We can estimate � using the maximum-likelihood estimation
(MLE) approach. As it is difficult to directly obtain the MLE
of �, the EM algorithm is frequently used to estimate �.

Suppose we know that � = �(k) and we want to estimate
�(k+1). In the E-step, we introduce the following notation. Let

αl,f (Hf1 , . . . , Hfnf
) = {#hl in Hf1 , . . . , Hfnf

}

=
nf∑
i=1

[Ihfi ,1(hl) + Ihfi ,2(hl)]

which is the number of haplotype l presented in the founders
of family f (l = 1, 2, . . . , K). Let

β
(k)
l,f =

∑
Hf1 ∈Sf1

· · ·
∑

Hfmf
∈Sfmf

αl,f (Hf1 , . . . , Hfnf
)

×
nf∏

r=1

Pr[Hfr
|�(k)]

mf∏
r ′=nf +1

Pr(Hfr′ |HF
fr′ , H

M
fr′ ) (1)

which is the weighted number of haplotype l appeared in the
founders of family f . We define a normalizing constant C

(k)
f

satisfying C
(k)
f

∑K
l=1 β

(k)
l,f = 2nf to evade the calculation of

Mendelian likelihood of the whole family. In the M-step, we
can estimate �(k+1) from all families as follows:

θ
(k+1)
l =

[∑N
f =1 C

(k)
f β

(k)
l,f

]

(2
∑N

f =1 nf )
l = 1, 2, . . . , K .

The EM-based method of estimating haplotype frequencies
from general pedigrees can be very computationally intensive,
since the likelihood for each configuration of founder haplo-
type pairs is computed by Equation (1) during each iteration.
In HAPLORE, we employ the PL–EM technique to solve this
problem (Qin et al., 2002). In the PL–EM algorithm, 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. The EM algorithm is first
applied to each unit to infer haplotype frequencies within this
unit. Then two adjacent partial haplotypes are ‘ligated’ using
the EM algorithm again. Only the haplotypes with frequencies
greater than a threshold (e.g. 10−6) and a fixed number of hap-
lotypes with frequencies less than this threshold are retained
in each EM step. In general, the EM algorithm is time and
memory efficient only for a small number of SNPs. Thus,
this strategy could solve the speed and memory constraint
generally existing in the EM algorithm and makes it suitable
for large-scale recovery of haplotypes from genotype data.
We use two additional strategies to reduce the computational
complexity of the PL–EM algorithm in haplotype inference
for general pedigrees: (1) all compatible haplotype configura-
tions for each individuals are obtained using the rule-based
algorithm and the haplotype-elimination algorithm described
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in the previous sections. (2) For each family, a list is created
to store all compatible haplotype configurations for founders
that have non-zero transmission probability. This is based
on the observation that the number of such configurations
is much smaller than the product of the number of haplo-
type pairs for founder individuals. In other words, many items
in Equation (1) are zero. As Equation (1) is calculated iter-
atively and the calculation of the transmission probabilities
does not depend on �, the use of this list avoids comput-
ing the transmission probabilities repeatedly. We also suggest
using a smaller number of SNPs in each unit, since even
the number of compatible haplotype pairs for each founder
is moderate, the total number of configurations could be too
large to be calculated for large pedigrees. Furthermore, the
haplotype-elimination algorithm itself can be very time con-
suming, even for a moderate number of SNPs in the presence
of missing data.

RESULTS
The computer program and the test datasets
We have implemented the set of logic rules, the haplotype-
elimination procedure and the PL–EM algorithm for general
pedigrees in a computer program, named HAPLORE (HAP-
LOtype REconstruction), and have tested it on a Windows
2000 system having one Pentium IV 1400 MHz processor
and 256 MB memory using simulated as well as a real
data sets.

We use a data set simulated for the 12th Genetic Ana-
lysis Workshop (GAW12) to test HAPLORE (Wijsman et al.,
2001). This dataset provides two populations, a large general
population and an isolated population founded approximately
20 generations ago by approximately 100 individuals from
the general population. For each population, 50 replicates
are generated. Different phenotypic and genotypic data are
available for the same 23 extended families with a total of
1497 individuals (1000 living) for each replicate. The num-
bers of individuals for these families vary from 37 to 128. The
sequence data for seven candidate genes, whose lengths vary
from 13 (gene 2) to 20 kb (genes 1, 4 and 7), are only available
for 1000 living individuals. The overall fraction of missing
data is 33%. These multiple SNP markers are so tightly linked
that they are ideal for testing our program.

We also apply HAPLORE to the Oxford ACE data, which
was used to study the functional mutation in the angiotensin-
I converting enzyme (ACE) gene due to a quantitative trait
locus (Keavney et al., 1998) and as a testing dataset before
(O’Connell, 2001). The data contain 10 tightly linked bial-
lelic markers in strong disequilibrium, spanning very small
region (26 KB) within the ACE gene. There are a total of
666 individuals in 83 families. Most families have 2–3 gen-
erations with 5–18 individuals. After excluding a family with
recombination events, a total of 82 families comprising 661

individuals are included in our final analysis. Among 239 indi-
viduals having missing data, 110 individuals are completely
un-genotyped and 125 individuals have missing data at less
than 3 loci. The overall fraction of missing data is 20.0%.

The results for the rule-based algorithm
We test the effectiveness and the efficiency of the rule-based
algorithm using the GAW12 data and the Oxford ACE data.
We consider the simulated GAW12 data from both the isolated
population and the general population. The results from the
analyses of 50 replications of the isolated population as well
as of the general population are summarized in Table 7. As
can be seen, although the number of completely haplotyped
individuals varies for different genes, the haplotype pairs for a
large number of individuals can be uniquely determined after
rules R1–R13 are used. The algorithm can identify a certain
number of individuals having haplotypes with no more than
10 unassigned loci. The overall fraction of missing data is
reduced up to 50% (from 33.3 to ∼16.0%), indicating the
effectiveness of the imputation by the logic rules. Note that
most individuals in the first and the second generations in the
pedigree are not genotyped at all. Thus it is difficult to com-
pletely haplotype these individuals. We can find that the use of
pedigree information (R3–R13) increases the number of com-
pletely haplotyped individuals substantially and reduces the
missing rate moderately. As an example, there are about 557
SNPs in gene 1 for the general populations. When only rules
R1 and R2 are used, we can uniquely identify haplotypes in
284 individuals out of 1000 completely genotyped individu-
als. This number increases to 675 after R1–R13 are applied.
The fraction of missing data is reduced from 20.5 to 15.6%.
A more significant example is from gene 7. Only 89 indi-
viduals for the general population are completely haplotyped
when only R1 and R2 are applied. This number increases to
622 after the other rules are applied. It is also worth noting
that the results can be obtained in <10 s for the largest gene
containing more than 500 SNPs.

We also apply the logic rules to reconstruct haplotypes of the
Oxford ACE data. After using HAPLORE, there are 17 fam-
ilies in which haplotypes of every individual can be uniquely
identified. A total of 356 individuals have a unique pair of
haplotypes. The overall fraction of missing data is reduced
from 20.0 to 10.3%. The number of individuals having missing
data is decreased to 183. Again, the results here demonstrate
that the rules R3–R13 play an important rule in this step. When
R1 and R2 are used, only 233 individuals have been com-
pletely haplotyped and the overall fraction of missing data is
11.1%.

As a comparison, we apply PATCH (Wijsman, 1987) to the
same two datasets. For the first replicate in the isolated popu-
lation of the GAW 12 data, PATCH successfully identifies 781
individuals with unique haplotype pairs, while 682 individu-
als are completely haplotyped by HAPLORE. For the Oxford
ACE data, both PATCH and HAPLORE can identify about
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Table 7. Results of haplotype reconstruction using the rule-based algorithm for the GAW12 data

Gene Average number of locia After using R1–R2 After Using R1–R13
Average number of individuals Missing ratec(%) Average number of individuals Missing rate(%)
k = 0b 1 ≤ k ≤ 10 k = 0 1 ≤ k ≤ 10

The isolated
population

1 290 326 312 20.5 684 129 16.6
2 158 331 423 20.6 687 198 16.7
3 159 354 401 20.5 693 139 16.6
4 211 404 276 20.5 701 265 17.2
5 44 538 423 20.7 703 265 18.4
6 65 523 415 20.4 742 256 17.9
7 233 123 426 20.8 630 137 15.8

The general
population

1 557 284 368 20.5 675 142 15.6
2 277 343 416 20.2 678 202 16.1
3 249 361 440 20.2 697 203 16.0
4 405 376 269 20.2 700 122 16.4
5 53 553 392 20.6 777 236 18.2
6 114 507 428 20.1 743 256 17.3
7 279 89 466 20.6 622 154 15.1

aThis is the number of markers at which at least one individual has one or two copies of the non-ancestral sequence variant.
bThe number of unassigned loci in the haplotype.
cThe overall fraction of missing data after the rules used.

360 individuals having a unique pair of haplotypes. How-
ever, some incompatibilities are found when using PATCH.
This may cause PATCH to miss some haplotype assignments
compatible with the data. As an example, the fourth fam-
ily in the Oxford ACE data contains 18 individuals in 3
generations. The haplotypes of individuals 1 and 2 in the
first generation can be obtained by the haplotypes from their
children 3, 5 and 9 whose haplotypes are determined by
their spouse and offspring. The haplotypes of individuals 1
and 2 given by PATCH are (11111121111,0000021222) and
(1111121222,222221222), respectively. First, the genotypes
of these two individuals are completely missing. So the haplo-
types for them should be symmetric. But the PATCH result is
not symmetric. Second, even if we ignore the symmetry issue,
some haplotypes compatible with the data are missed in the
assignments using PATCH. For example, the haplotypes for
individuals 1 and 2 can also be (1111112111,1111121222)
and (1111112111, 2222221222), respectively, but they are
not included in the PATCH assignments. On the other hand,
the assignments using HAPLORE include all haplotypes
compatible with the data.

To test the effectiveness and efficiency of the rule-based
method in completely genotyped pedigrees, we apply HAP-
LORE to haplotype individuals from simulated datasets using
the same pedigree structures but with every individual gen-
otyped. In our simulations, the haplotypes of the founders
are randomly sampled from 129 distinct haplotypes, with the
number of SNPs equal to 296. These haplotypes are derived
from the first replication for gene 1 using the isolated pop-
ulation. The haplotypes of the non-founders are randomly
inherited from their parents under Mendelian inheritance.
For this complete dataset, the haplotypes of all of the 1497

individuals can be uniquely determined in <10 s. When
PATCH (Wijsman, 1987) is used, it also uniquely determ-
ines the haplotypes of all 1497 individuals, but it takes more
than 1 h.

The results for the haplotype-elimination algorithm
and the PL–EM algorithm
Owing to the high missing rate and the large pedigrees, it
is beyond the capability to perform the haplotype-elimination
algorithm and the PL–EM algorithm for the GAW12 data.
Therefore, we focus on the performance of HAPLORE based
on the Oxford ACE data in the rest part of this section.

As recoding haplotypes and performing haplotype elim-
ination are simple and straightforward, we only discuss the
complexity for haplotype elimination with the rule-based
algorithm and without the rule-based algorithm. Without
the rule-based algorithm, the completely ungenotyped indi-
viduals have all possible (1024 + 1)*1024/2 haplotypes
pairs at the beginning of the haplotype-elimination algorithm.
The typed individuals with k(1 ≤ k ≤ 10) heterozyg-
ous SNP loci have 2k−1 possible haplotype pairs. After the
rule-based algorithm, some individuals still have the same
number of possible haplotype pairs. As can be expected, the
haplotype-elimination algorithm is very time consuming for
this dataset. Thus, we compare two quantities for haplotype
elimination with the haplotypes constructed by the rule-based
algorithm for a subset of SNPs. The two quantities are the
number of possible haplotype pairs before haplotype elimin-
ation and that in each individual after haplotype elimination,
respectively. Using the haplotypes obtained from the rule-
based algorithm as the prior, the first quantity is substantially
reduced in about 300 out of 661 individuals, but the second
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Table 8. The results for the different length of unit and the overlap between units used in the PL–EM algorithm to infer haplotype frequencies by the Oxford
ACE data

The length
of unit (L)

The overlap
between units (O)

The running
time (s)

The number
of retained
haplotypes

The number
of common
haplotypesa

The fraction
of common
haplotype(%)

4 0 1601 27 5 92.14
4 1 281 24 5 92.14
4 2 200 24 5 92.14
5 0 8514 33 5 92.14
5 1 422 24 5 92.14
5 2 459 24 5 92.14
6 0 3135 24 5 92.14
6 1 3858 24 5 92.14
6 2 4094 24 5 92.14

aThe common haplotypes are those with frequencies >5%.

number is only reduced in about 10 individuals. It takes
<2 min to perform haplotype elimination with or without the
rule-based algorithm when the first six SNPs are used. How-
ever, the time increases to 25 min when the first seven SNPs
are included in the analysis. In all these experiments, there is
no difference for the running time between the data with and
without the rule-based algorithm, indicating that the benefit
from the rule-based algorithm is limited, especially when the
divide and conquer technique is employed (O’Connell, 2000).

To perform the PL–EM algorithm and compare with the
results obtained by ZAPLO (O’Connell, 2000), we set the
convergence criterion as 10−5 and only retain the haplotypes
that have frequencies greater than a threshold of 10−5. The
running time, the total number of retained haplotypes, the
total number of haplotypes with frequencies >5% and their
fraction with the varied length of units (L) and the overlap
(O) between two adjacent units are shown in Table 8. In all
settings, we can estimate five most common haplotypes and
their frequencies, accounting 92.14% of the variation. The
other haplotypes have frequencies <1%. Among these haplo-
types, 16 or 17 haplotypes, depending the different values of
L and O, have frequencies >0.01% and account 7.62% of the
variation. The overall difference of the 21 most common hap-
lotype frequencies is <10−6 for the different L and O. The
six most common haplotypes and their frequencies are com-
parable with those estimated by O’Connell (2000) through a
divide-and-conquer-with-pruning approach. The frequencies
of the six most common haplotypes are 39.32, 30.69, 9.10,
7.88, 5.16 and 0.985%, respectively, when L = 4 and O = 1.
The 7th most haplotype has frequency 0.974%, which is
bigger than 0.767% estimated previously (O’Connell, 2000).

We note that there are substantial differences for the run-
ning time and the number of haplotypes retained between
using different L and O. In most cases, only 24 haplotypes
have frequencies higher than 10−6, which is less than the
33 haplotypes estimated previously (O’Connell, 2000). This

maybe due to the fact that the PL–EM algorithm can be trapped
in a local mode (Qin et al., 2002). Some partial haplotypes
with frequencies less than the threshold are discarded in a
previous EM and ligation step, resulting in the removal of the
haplotypes containing these partial haplotypes. To resolve this
problem, we keep five additional haplotypes with highest fre-
quencies among those haplotypes with frequencies less than
the threshold in each EM step. A total of 37 haplotypes are
identified with frequencies >10−6 in more than 48 000 s for
L = 4 and O = 1. However, five haplotypes with frequencies
more than 5% still account for 92.14% of the variation. There
are an additional 16 haplotypes having frequencies between
0.01 and 5%, accounting for 7.62% of the variation. In other
words, the estimates of the frequency for the common hap-
lotypes are not different from those obtained using different
L and O. If our primary focus is to estimate the common
haplotypes and their frequencies efficiently, we suggest using
L = 4 or L = 5 and O = 1 or O = 2 to speed up this process.

DISCUSSION
Recent literature has suggested that haplotype-based meth-
ods may be more powerful that single marker-based approach
in the identification of genes underlying complex diseases.
As the current molecular methods for haplotype determina-
tion are very expensive and not feasible for practical use, it
is necessary to develop efficient statistical and computational
methods for haplotype inference from genotype data, both for
unrelated individuals and for general pedigrees. In this paper,
we describe a set of logic rules for haplotype inference in
pedigrees. This method, along with the haplotype-elimination
strategy and the PL–EM algorithm are integrated in a com-
puter program, named HAPLORE. Although the haplotypes
generated from the three aforementioned methods have dif-
ferent features, they all can be applied to various statistical
methods for mapping disease genes (Toivonen et al., 2000;
Zhao et al., 2000).
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The set of logic rules can serve many purposes. First, it
can be used to efficiently reconstruct the complete and partial
haplotypes carried by each individual in the pedigrees. In fact,
our studies suggest that haplotypes can be uniquely identified
in all of the individuals in the pedigrees in a completely gen-
otyped pedigree. At the same time, the missing data can be
imputed and the genotype errors can be identified. Our res-
ults show that the fraction of missing data is reduced ∼50%
after this step. Second, the haplotypes constructed from the
rule-based algorithm can be used in haplotype elimination
and the PL–EM algorithm to reduce the computational com-
plexity. Third, the haplotypes constructed from the rule-based
algorithm can be very informative for finding the compat-
ible haplotype configuration with a smallest set of haplotypes
(Clark, 1990; Gusfield, 2001). Obviously, the haplotypes car-
ried in completely haplotyped individuals using the rule-based
algorithm must be enclosed. We apply this idea to the GAW12
data as well as the Oxford ACE data. For the GAW12 data,
the identified haplotypes can provide the compatible haplo-
type configurations for all individuals. For the Oxford ACE
data, 17 identified haplotypes are not sufficient for resolv-
ing this problem. However, 79 out of the total 82 families
have compatible haplotype configurations with them. After
a simple investigation, we identify that at most 20 haplo-
types can generate compatible haplotype configurations for all
families, which is less than the number of haplotypes having
frequencies >10−6 identified by the PL–EM and very close
to the number of haplotypes with frequencies >0.01% (21 or
22 haplotypes).

After the rule-based algorithm, there may still be some
inconsistency among individual haplotypes in an exten-
ded pedigree only using rules. The haplotype-elimination
algorithm in HAPLORE is guaranteed to exclude all inconsist-
ent haplotypes. The PL–EM algorithm can be applied further
to estimate haplotype frequencies and identify compatible
haplotype configurations with haplotypes having frequencies
greater than a threshold (e.g. 10−6). However, the number of
compatible haplotype configurations is generally much less
than that identified by the haplotype-elimination algorithm,
since many haplotypes with frequencies less than a threshold
(e.g. 10−6) are discarded.

The complexity of haplotype algorithms varies substan-
tially. The computational time and the computer memory of
the rule-based algorithm only increase linearly rather than
exponentially with pedigree size and the number of marker
loci. Therefore, there is no limitation on pedigree structure, the
number of loci and the number of alleles at each locus to apply
the rule-based method. We test it on the GAW12 data and the
Oxford ACE data. The simulated GAW12 data contains the
genotypes of 1497 individuals in 23 large families expand-
ing up to about 600 SNPs within a gene. While the Oxford
ACE data comprises the genotypes of individuals in 82 small
families spanning only 10 SNPs. The rule-based algorithm
can completely or partially infer their haplotypes in 10 s

for both datasets. Both the haplotype-elimination algorithm
and the PL–EM algorithm require the computational time
that increases exponentially with the number of compatible
haplotype configurations. Although the divide-conquer tech-
nique and the partition-ligation approach can speed up this
process, they could not reduce the computational complexity
essentially when there are many compatible haplotype config-
urations existing in pedigrees. Therefore, the large pedigrees
in the presence of missing are generally beyond the reach of the
haplotype-elimination algorithm and the PL–EM algorithm.

A crucial assumption in our analysis is that all marker loci
are completely linked. That means no recombination occurs
among these marker loci. Obviously, this will limit the applic-
ation of our program. However, with the completion of the
Human Genome Project, the availability of millions of SNPs
and the technology to type these markers, many tightly linked
markers will be considered in association studies, especially
for candidate gene studies. It is likely that there are no recom-
bination events or few recombination events within pedigrees
for such tightly linked markers. In this context, our program
will be relevant and most useful for the exploitation of link-
age disequilibrium, the study of disease gene mapping, the
construction of haplotype map and genetic linkage studies.
We believe that there is a great need for the development of
a new generation of space- and time-efficient algorithms for
haplotype reconstruction with many tight linked markers in
large pedigrees.
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