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Abstract Genome-wide association studies have expanded our understanding of the relationship between the
human genome and disease. However, because of current
technical limitations, it is still challenging to clearly
resolve diploid sequences, that is, two copies for each
chromosome. One copy of each chromosome is inherited
from each parent and the genomic function is determined
by the interplay between the alleles represented as genotypes in the diploid sequences. Thus, to understand the
nature of genetic variation in biological processes,
including disease, it is necessary to determine the complete
genomic sequence of each haplotype. Although there are
experimental approaches for haplotype sequencing that
physically separate the chromosomes, these methods are
expensive and laborious and require special equipment.
Here, we review the computational approaches that can be
used to determine the haplotype phase. Since 1990, many
researchers have tried to reconstruct the haplotype phase
using a variety of computational methods, and some
researches have been successfully help to determine the
haplotype phase. In this review, we investigate how the
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computational haplotype determination methods have been
developed, and we present the remaining problems
affecting the determination of the haplotype of single
individual using next-generation sequencing methods.
Keywords Haplotype determination  Next-generation
sequencing  Computational genomics

Introduction
The study of DNA sequence variations is one of the main
research topics in genetics. Among the diverse variations,
single nucleotide polymorphisms (SNPs) frequently occurs
in the human genome (Sachidanandam et al. 2001), and
their association with disease has been widely investigated.
Recently, with the development of high-throughput data
generation technologies, it has become possible to carry out
genome-wide association studies (GWASs) in the human
genome using a huge number of SNPs (Mardis 2008; Feero
et al. 2010). In particular, next-generation sequencing
(NGS) technologies have helped to identify sequence
variations and their characteristics, leading to numerous
studies of the associations between SNPs and phenotype,
including obesity, diabetes, heart attack and other diseases
(Hirschhorn and Daly 2005). Some studies successfully
identified associations but, in many cases, GWAS did not
have sufficient power and SNP presence did not guarantee
a change in the phenotype (Galvan et al. 2010).
In these circumstances, haplotype analysis has been
highlighted because it may be more advantageous than
traditional genotype analysis in the identification of the
presence of genomic sites that affect disease susceptibility
(Consortium et al. 2005; Morris and Kaplan 2002). The
human genome is diploid and the two copies of each
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chromosome have largely identical sequences, except for
the X and Y chromosomes. Usually, the human genome is
considered to as homozygous because the same alleles are
found at each specific locus. However, there are some
variations between the pairs in a small portion of the
genome, and if there are different alleles at the same
positions of the homologous chromosomes, they are
referred to as heterozygous alleles. Generally, SNP detection merely reveals if there is a variation at a specific
position and it is not determined which of the two chromosome copies contains this variation. Thus, ideally, it
needs to list the SNPs belonging in each chromosome copy.
Haplotype can be represented as a combination of
heterozygous alleles at multiple loci, that is, the sequential
combination of the SNPs in a single copy among pairs of
chromosomes. The haplotype information can not only
identify associations, but can also help in the study of gene
function, cis-regulatory roles for gene expression, linkage
and inheritance analysis, and evolutionary selection analysis (Bansal et al. 2011; Browning and Browning 2011;
Tewhey et al. 2011). Therefore, determination of the haplotype, usually referred as phasing, is important for the full
characterization of a single individual genome. Some
techniques have been developed to determine haplotypes
through molecular experiments, such as the microfluidic
whole genome haplotyping approach (Ma et al. 2010; Fan
et al. 2011). This method detects the haplotype information
by separating the individual chromosomes physically at the
cell division process. However, despite its high cost, it is
difficult to obtain accurate results (Browning and Browning
2011).
Computational methods are an alternative approach that
can reduce the cost of haplotype determination. Here, we
review the computational methods that can be used to
determine the haplotype phase. Most of the haplotype
determination problems can be included in the NP-hard
problem, especially when there are some errors (Lancia
et al. 2001; Lippert et al. 2002; Cilibrasi et al. 2005).
Therefore, many computational approaches have been
proposed. There are two computational ways to identify
haplotypes: haplotype inference and haplotype assembly.
Haplotype inference has been traditionally used in computational genetics areas. It attempts to identify the haplotypes of the samples based on sharing information within
the samples from genotype information in the population.
Although the same nucleotides are assigned to both chromosomal copies in homozygous alleles, there is only one
copy of each nucleotide in heterozygous alleles. If there are
m heterozygous sites on the genome, there are 2m possible
haplotypes when we partition it into two groups. This
means that direct phasing of the genotype information is
computationally expensive. In particular, the haplotype
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inference methods are much more difficult in the case of
samples with rare variants.
Haplotype assembly aims to determine the haplotype of
a single individual by directly using sequence reads or
fragments originating from one chromosome, meaning that
the method assembles sequence fragments or reads from
identical chromosomal copies. Previously, DNA microarray analysis has produced genotype information for a set of
individuals, so the haplotype has usually been determined
by haplotype inference algorithms. However, with the
development of high-throughput sequencing technologies,
the haplotype assembly methods have become more precise. Generally, sequence reads are mapped to a reference
genome, and the origin of the reads cannot be determined.
But because each sequence read is derived from a single
copy, it is possible to determine the phase information
using two or more variants. The initial version of the
haplotype assembly method aims to obtain a pair of haplotypes by connecting overlapping fragments with minimum errors. The haplotype assembly methods provide
good results in error-free cases, but there are many limitations to its practical use with real datasets. In the current
review, we investigate the haplotype determination
approaches, explaining the advantages and disadvantages
of each method. We also summarize the recent direction
and implication of the haplotype determination approaches
for the sequencing reads of single individuals.
The structure of this paper is as follows: First, we briefly
review the previous haplotype inference methods. The next
section defines the single individual haplotyping problem.
Then, we review the previous computational haplotype
assembly algorithms used at the population level and the
recent studies of the single individual haplotyping with
various sequencing techniques. The final section discusses
the remaining limitations and proposes a future direction.

Traditional haplotype inference algorithms
Before reviewing the haplotype determination methods for
single individuals, the traditional haplotype inference
algorithms will be introduced. Computational methods for
haplotype inference have been studied since 1990 as the
microarray technologies have been developed. Because
most sequence variation detection methods provide genotype information, the traditional haplotype inference
approaches mainly aim to infer the haplotype from the
genotypes in the population (Niu 2004; Weale 2004; Salem
et al. 2005; Marchini et al. 2006). The haplotype inference
methods determine the haplotype under the assumption that
genetically closely located loci are linked and that some
common haplotypes occupy most of the genetic variations
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Table 1 Haplotype inference
methods from genotypes in the
population
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Approach

Related work

Year

References

Rule-based approach

Clark’s algorithm

1990

Clark (1990)

Expectation–maximization (EM)

Excoffier and Slatkin

1995

Excoffier and Slatkin (1995)

HAPLO

1995

Hawley and Kidd (1995)

Tregouet et al.

2004

Tregouet et al. (2004)

PHASE

2001

Stephens et al. (2001)

Haplotyper

2002

Niu et al. (2002)

Arlequin

2003

Excoffier and Lischer (2010)

HaploBlock

2004

Greenspan and Geiger (2004)

DP-Haplotyper

2007

Xing et al. (2007)

fastPhase

2006

Scheet and Stephens (2006)

Bayesian method

Hidden markov model (HMM)

Tree

Others

in the population. Table 1 summarizes the previous haplotype inference approaches.
Clark’s algorithm was the first computational method
for haplotype phasing (Clark 1990). It uses a set of rules to
resolve the haplotypes underlying the genotype information. This method starts from a fragment with the clearest
information, that is, at one heterozygous site. By starting
from the known haplotype, the algorithm searches through
the remaining unresolved genotypes and attempts to derive
the haplotype from the genotypes by checking if the
resolved haplotype can be constructed from a combination
of the ambiguous sites of the genotypes. Once the haplotype is inferred from the ambiguous genotypes, it is added
to the known haplotype set. The algorithm infers the haplotype by performing the procedures iteratively. The
method is easy to use and can be intuitively understood.
However, although it performs well with small sets, the
performance can be diminished, if the SNPs are not densely
connected. Moreover, if there are no initial unambiguous
genotypes, the method does not work.
Expectation–Maximization (EM) algorithm is sometimes used to overcome the limitations of Clark’s algorithm
(Excoffier and Slatkin 1995; Hawley and Kidd 1995). EMbased methods can infer the haplotype phase by assigning
the alleles to a haplotype with high probability using the
initially estimated frequency values. For the haplotype
inference problem, the E-step computes the expected values of the haplotype frequency based on the data and the

BEAGLE

2007

Browning and Browning (2007)

IMPUTE2

2009

Howie et al. (2009)

MACH

2010

Li et al. (2010)

HapSeq

2012

Zhi et al. (2012)

HAP
Li et al.

2003
2005

Halperin and Eskin (2004)
Li et al. (2005)

PPHS

2012

Efros and Halperin (2012)

PL_EM

2002

Qin et al. (2002)

hap

2002

Lin et al. (2002)

hap2

2004

Lin et al. (2004)

Halldórsson et al.

2011

Halldórsson et al. (2011)

M-step maximizes the likelihood of the frequency obtained
at the E-step. By iterating the E-step and M-step, it can find
a possible haplotype for each genotype combination.
However, the standard EM-based method does not handle
the assumptions regarding genetic recombination and
mutations. Also, these can be trapped into local maxima
and the results are sensitive to the initial estimation of
parameters such as allele frequencies. Moreover, the standard EM-based methods struggle to handle a large number
of loci.
Subsequently, many algorithms were developed with
various approaches. PHASE (Stephens et al. 2001),
Haplotyper (Niu et al. 2002), and HaploBlock (Greenspan
and Geiger 2004) use Bayesian method. MACH (Li et al.
2010), fastPhase (Scheet and Stephens 2006), IMPUTE2
(Howie et al. 2009), and BEAGLE (Browning and
Browning 2007) were implemented based on the hidden
Markov model (HMM). These methods show better performance than the previous parsimony or maximum likelihood approaches. PHASE was the first coalescent theorybased method using the joint probability distribution of
haplotypes. Although it is difficult to carry out genomewide studies using this method because it is only available
for a limited number of SNP markers, fastPHASE and
BEAGLE made genome-wide studies possible by using a
haplotype cluster model, and IMPUTE2 and MACH provide results much faster than PHASE. Also, several
methods infer the haplotype using the tree structure (Li
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et al. 2005), whereas Arlequin (Excoffier and Lischer 2010)
is made using Excoffier-Laval Balding algorithm. In this
method, the phase is updated based on a window of
neighboring loci and the window size is adaptively determined by the local level of linkage disequilibrium. Arlequin provides good local estimation of the phase in interpopulation analysis and searches for the shared haplotypes
between populations by comparing them in the inter-population analysis category. In addition, PL-EM was proposed based on a partition-ligation strategy and the EM
algorithm (Qin et al. 2002). This method partitions the
whole haplotype into small segments and then constructs
the partial haplotypes and assembles the segments, using
Gibbs sampling or an EM-based approach.
These approaches to statistical inference of the haplotype were largely successful, but the results were sometimes incorrect (Geraci 2010; Browning and Browning
2011). For example, when a haplotype specifically exists in
a particular sample or there are rare or novel variants, the
haplotype cannot be correctly determined. Moreover, to
infer the correct haplotype, a relatively large number of
individual genotypes are required. In addition, it is difficult
to know if the haplotype is correctly inferred or not.

Definition of the haplotype determination
of a single individual
Haplotype determination was defined by Lancia et al.
(2001). Figure 1 shows an example of haplotype assembly.
The sequence fragments are aligned to the reference genome sequence. The sequence fragment can be a single
sequence read or concatenated sequence reads. If a pairedend or mate-pair technique is applied, the fragment can be
a combination of two reads. Using this information, we can
call sequence variants and determine the homozygous
(homo) and heterozygous (hetero) sites in the genome.
Homozygous sites have identical alleles, whereas
heterozygous sites have different alleles. One genomic site
can usually produce three different genotypes, a homo
wildtype, a homo mutant type (homo SNP), and a hetero
form of the wildtype and mutant type (hetero SNP). It is
enough to consider only hetero SNPs for the haplotype
determination problem because the homo SNPs and the
other identical positions are exactly the same in both
chromosomes.
To determine the haplotype, we need to constitute the
fragment f, which is represented as a set of heterozygous
sites in a DNA fragment. The alphabet of the fragment is
presented as ‘‘1’’, ‘‘0’’, and ‘‘-’’. If a base in a specific site
is identical to the reference, the alphabet is 1. If there is a
sequence variant, then the alphabet is 0. If there is no the
matched form, the alphabet is presented as ‘-’. We can
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Fig. 1 Haplotype determination problem. SNP sites that are different
from the reference sequence are indicated by (1) to (5). The positions
(1) to (3) are hetero SNPs and (4) to (5) are homo SNPs. f is a
fragment and h is a haplotype

then construct n 9 m fragment matrix M, where n is the
total number of heterozygous sites and m is the number of
fragments. From the fragment matrix M, haplotype determination algorithms try to detect a pair of haplotypes. As
an example in Fig. 1, we assumed that there are five SNPs
in the genome sequence. However, there were hetero SNPs
at positions 1, 2, and 3; and homo SNPs at positions 4 and
5. In this case, only three hetero SNPs were used.
Several notations were defined for the following sections: h is haplotype, and f is fragment. So, j-th fragments
are represented as fj and the k-th haplotype is hk. Then, fji
and hji are i-th hetero SNP sites at the fragment fj and
haplotype hj, respectively. The next section will review the
previous approaches to haplotype assembly.

Computational approaches for haplotype assembly
After the mid-2000s, many researchers tried to solve the
haplotype assembly problem by the taking advantage of
developments in sequencing technology (Geraci 2010).
The approaches can be categorized by their objective
function model or their computational approach. In this
paper, the previous methods are mainly categorized using
their objective functions: minimum error correction
(MEC), weighted minimum letter flip (WMLF), maximum
fragment cut (MFC), and others (Table 2).

Genes Genom (2016) 38:1–12
Table 2 Haplotype assembly
methods for single individuals

5

Model

Approach

Related work

MECa

Branch and bound algorithm
Genetic algorithm

Satisfiability problem (SAT)

Probabilistic approach

Others

WMLFb

2005

Wang et al. (2005)

2012

Lim et al. (2012)

Wang et al.

2005

Wang et al. (2005)

GA-MEC

2008

Wu et al. (2008)

GAHap

2012

Wang et al. (2012)

He et al.

2010

He et al. (2010)

HapSat

2011

Mousavi et al. (2011)

xGenHapSat

2012

Mousavi (2012)

SHR

2008

Chen et al. (2008)

HASH

2008

Bansal et al. (2008)

HAPCUT

2008

Bansal and Bafna (2008)

ProbHap

2014

Kuleshov (2014)

2D-MEC

2007

Wang et al. (2007)

Wu et al.

2009

Wu et al. (2009)

SSK
Deng et al.

2012
2013

Xu and Li (2012)
Deng et al. (2013)

HapAssembly

2013

Chen et al. (2013)

Zhao et al.

2005

Zhao et al. (2005)

Kang et al.

2008

Kang et al. (2008)

Xie et al.

2008

Xie et al. (2008)

HapAssembler

2010

Kang et al. (2010)

Wu et al.

2013

Wu et al. (2013)

RefHap

2010

Duitama et al. (2010)

Others

Heuristic algorithm

Levy et al.

2007

Levy et al. (2007)

SpeedHap

2007

Genovese et al. (2008)

HapCompass

2012

Aguiar and Istrail (2012)

Heuristic dynamic programming

H-BOP

2012

Xie et al. (2012)

Mixture model

MixSIH

2013

Matsumoto and Kiryu (2013)

Fuzzy conflict graphs

FastHap

2014

Mazrouee and Wang (2014)

MEC minimum error correction

b

MLF weighted minimum letter flip

c

MFC maximum fragment cut

Minimum error correction
MEC aims to minimize errors by comparing the predicted
haplotype and the input SNP matrix M. Figure 2 illustrates
an example of haplotype construction using a partition to
calculate the errors. The input SNP matrix M is partitioned
and two haplotypes are constructed from the fragments in
each partition. The objective is to minimize the sum of the
differences between the constructed haplotype and the
partitioned matrix.
Suppose that there are m fragments at M. The MEC
score is represented as follows:

j¼1 k¼1

Wang et al.
Lim et al.

Graph

a

MECðM; HÞ ¼

References

MFCc

Graph (spanning tree)

m X
2
X

Year

DperFrag ðfj ; hk Þ

ð1Þ

The score is presented as the sum of the differences
between the j-th fragment fj and the k-th haplotype hk. The
differences DperFrag(fj, hk) is calculated by Eq. (2).
DperSNP(fji, hki) is 1 if the fragment fj and haplotype hk are
different at the i-th identical SNP site; otherwise, it is 0.
G(hk) is the k-th subset of the fragments when the fragments are partitioned to k subsets. That is, F(fj, hk) is an
indicator function representing which partition includes the
fragment fj.
n

 X




F fj ; hk  DperSNP fji ; hki
DperFrag fj ; hk ¼
ð2Þ


F f j ; hk ¼



i¼0

1
0

if fj 2 Gðhk Þ
otherwise

ð3Þ
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problem in practical terms. However, their method was
applied to insect species, so further improvement would be
necessary to allow it to be used in other species.
Genetic algorithms have been applied due to its reliable
performance in NP problems that require a great deal of
computational time. Wang et al. (2005) evaluated the
haplotype in each generation using a fitness function based
on MEC model. The genetic algorithm finds a solution
using the following fitness value in each generation:
fitness ¼ 1 

Fig. 2 An example of haplotype determination using the MEC
model. M is a SNP fragment matrix, and H indicates the predicted
haplotypes



DperSNP fji ; hki ¼



1 if fji 6¼ 0 0 ;hki 6¼ 0 0 ; and fji 6¼ hki
0 otherwise
ð4Þ

As an example in Fig. 2, three fragments, f1, f2, and f6
are included in h1 and other fragments in h2, then F(f1, h1)
is 1 and F(f1, h2) is 0. MEC model is the most popular way
to solve the haplotype determination problem and the goal
can be easily understood. Therefore, diverse computational
approaches have been applied based on MEC. The following subsections will explain the representative computational methods that use MEC as the objective function.
Based on the definition in the previous section, haplotype determination can be viewed as a way to find the
optimal path using a binary tree, because the problem can
be converted into choosing the side between haplotypes h1
and h2. Wang et al. (2005) tried to apply a so-called branch
and bound algorithm. Each node is a fragment in the tree
structure and the edge indicates the index of the haplotype
group. From the root node, that is the first fragment, the
algorithm adds a fragment and measures the MEC score.
Then if the calculated score is bigger than the previous
score, it would be divided. The branch and bound algorithm can identify the exact optimal solution, but the time
complexity is exponentially increased by the number of
fragments. Therefore, its use in a large-scale datasets is
difficult. Lim et al. (2012) reduced the search space of the
branch and bound algorithm by identifying the initial upper
bound using a local search algorithm and solved the MEC
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MECðM; HÞ
mn

ð5Þ

Similar to the conventional genetic algorithms, the initial population is randomly generated. In the evolutionary
process, the population is re-generated based on the previous individuals, using crossover and mutation operators.
The haplotypes in each generation are evaluated using
Eq. (5), and then the new individuals are generated. By
repeating the process, the optimal haplotype can be selected. GA-MEC is a variation of the genetic algorithm for the
determination of haplotypes (Wu et al. 2008). In GA-MEC,
the fragments are partitioned at each generation using a
method similar to k-means clustering. After a pair of
haplotypes is constructed randomly, each fragment is
compared to the two haplotypes. Then, the fragment is
classified to the group that has the minimal DperFrag ()
value in Eq. (2). In this way, each fragment is assigned to
the two haplotype groups. Next, new haplotypes are constructed using the divided fragment information and the
fragment is re-classified by measuring the DperFrag () value
between the newly generated haplotype and the fragment.
By repeating the iterative process until the haplotype does
not change, the haplotype is determined. The fitness value
is also calculated by Eq. (5). GAHap is another similar
approach (Wang et al. 2012), but it uses Hamming distance
to calculate the difference between a haplotype and a
fragment, without encoding the SNP values to 0, 1, and
‘-’, as introduced in the previous section. Therefore, the
method has advantages in that it can handle data that
include tri- or tetra-allelic loci. Also, it does not remove
homozygous sites from the input matrix, so it reconstructs
the haplotype considering the case marked as a homozygous locus by a sequence error in the original data. However, the GA-based approaches usually require
considerable time to identify the solution, so their application to large datasets is difficult.
Another way to solve the haplotype determination using
a MEC model is to transform the problem into a satisfiability (SAT) problem. He et al. (2010) proposed a partial
Max-SAT formulation for haplotype assembly. Mousavi
et al. (2011) suggested a HapSat model by converting the
haplotype determination problem to a Max-2-SAT problem, which is more general than the partial Max-SAT. This
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approach can use the general Max-SAT solver and the
formation is more generalized, considering homozygous
alleles that can appear due to sequence errors. In addition,
it is formulated with fewer variables and clauses. The
logical equations are as follows:
C ¼ fg

0
Fj0 ¼
1

if Fðfj ; h1 Þ ¼ 1
if Fðfj ; h2 Þ ¼ 1

if fji ¼ 0
C¼C[

ð6Þ
fðFj0 m  h1i Þ; ð  Fj0 m  h2i Þg

else if fji ¼ 1
C ¼ C [ fðFj0 mh1i Þ; ð  Fj0 mh2i Þg
Often, the datasets for haplotype determination such as
read mapping data and variant calling data are incomplete and
include several errors. Some studies tried to overcome this
limitation by using probabilistic models. Because the fragments of the input SNP matrix are obtained from two haplotypes, Chen et al. (2008) assumed that the fragments were
generated according to two parameters representing errors.
They designed a probabilistic function using the error
parameters for the haplotype. From the input fragment matrix
M, the fragments are divided into two sets and the most frequent character in each SNP site is selected to determine the
haplotype sequence. Therefore, the two haplotypes can be
reconstructed with a possible high probability. HASH (Bansal et al. 2008) and HAPCUT (Bansal and Bafna 2008) also
used probabilistic models based on graph structure. They
constructed a graph with the input matrix. The node is the
column of the matrix, which is itself each SNP. If there is a
fragment that includes the two sites, the two nodes are connected by an edge. The weight of the edge is the difference
between the number of fragments matched to the haplotype
sites and the unmatched fragment. HASH uses a graph-cut
algorithm and constructs Markov chain, but HAPCUT optimizes the MEC score by using a Max-Cut algorithm. In these
two methods, the distance to both haplotypes is calculated for
all fragments, and the fragments with the lowest distance are
selected. By calculating the overall MEC scores and using a
greedy algorithm, the best pair of haplotypes is determined by
using the best MEC score.
Clustering approaches have also been used. Wang et al.
(2007) suggested 2D-MEC model in which the difference
between two fragments is measured as shown in Eq. (7).
This method iteratively divides the fragments and generates haplotypes.
n
X
DperFragToFrag ðfj ; hk Þ ¼
DperSNP ðfji ; fki Þ
ð7Þ
i¼0

Wu et al. (2009) clustered the m fragments to two groups
representing haplotypes by self-organizing map (SOM) and

Xu and Li (2012) used a semi-supervised k-means clustering method.
In addition, one method uses dynamic programming to
determine the haplotype for a single individual (He et al.
2010). Basically short reads are represented as binary
strings and assigned to each pair of haplotypes to minimize
the conflicts with the reads. However, this approach uses the
optimal MEC for partial haplotypes and repeatedly extends
the partial haplotypes by one bit to obtain the full-length
haplotypes. The results showed that the method can be
applied to whole-genome sequencing datasets. However,
when there are many SNP sites, the dynamic programming
algorithm needs considerable computational time. To solve
this drawback, Deng et al. (2013) combined this dynamic
programming method with a heuristic approach. This
method first obtains a subset of the input matrix M by a
randomized sampling approach and carries out the dynamic
programming. Once it produces an initial solution from the
submatrix, it refines the haplotypes by comparing the initial
haplotype with all fragments. By repeating the initial
solution and refinement steps, the haplotype is determined.
HapAssembly converts the haplotype assembly problem
to an integer linear programming problem for optimization
(Chen et al. 2013). The input matrix M is decomposed into
small independent blocks and the integer linear programming problem is formulated for each block. It can obtain
good results for single optimal solution problems.
Weighted minimum letter flip
The WMLF is a modification of the MEC model. Basically,
when the constructed haplotype is different from elements
of the input SNP matrix, a letter flip is performed. The total
error is measured by the number of letter flips so that the
SNP matrix is identical to the constructed haplotype. The
WMLF model additionally uses the m-by-n weight matrix
representing the confidence of each SNP. If all of the
elements on the weight matrix are 1, then the WMLF is
identical to the MEC model. The difference between the
fragments and haplotype in WMLF is shown in Eq. (9).

Wji if fji 6¼ 0 0 ; and fji 6¼ hki
DWMLF SNP ðfji ; hki Þ ¼
0 otherwise
ð8Þ
WMLFðM; H; WÞ ¼

m
X

DWMLF

SNP ðfji ; hki Þ

ð9Þ

i¼1

Equation (9) calculates the total distance which is the sum
of the differences between all of the fragments and the
haplotype.
The WMLF model has been used as an objective function for genetic algorithms (Kang et al. 2010) and heuristic
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approaches (Xie et al. 2012). Moreover, there is also a
complete WMLF (CWMLF) model, which combines the
WMLF, minimum fragment removal (MFR), and minimum
SNP removal (MSR) (Zhao et al. 2005). MFR is a method
to remove the minimum number of vertices from the
fragment conflict graph so that the resulting graph is
bipartite, whereas MSR is a method to remove the minimum number of vertices from the SNP conflict graph so
that no two vertices are adjacent. Zhao et al. (2005) showed
that the CWMLF model is effective for solving the haplotype assembly problem by showing that the SNP errors
and fragment error rates are lower than those of the WMLF
model in their experimental datasets.

Maximum fragment cut
The MFC converts the haplotype determination problem to
a Max-Cut problem. The vertices in the graph structure are
the fragments fs and the edges are represented by the
similarity between two fragments. RefHap is the most
popular method that uses MFC (Duitama et al. 2010) and it
is one of the practically applicable methods at present. The
distance between two the fragments fj and fl is defined as
follows:
8
0 0
0 0

 < 1; if fji 6¼ 0 0 ;fli 6¼ 0 0 ; and fji 6¼ fli
DMFC Frag fji ; fli ¼ 1; if fji 6¼  ;fli 6¼  ; and fji ¼ fli
:
0; otherwise
ð10Þ
The distance between two fragments is defined as the
sum of the SNP distance, DMFC_Frag. Note that Eq. (10) has
-1 even if these have the same value. In this approach, the
fragments are divided into two groups to minimize the sum
of the distances. For example, RefHap uses a graph
structure and each node represents a fragment in the graph.
When the fragments have different characters, the two
nodes are connected. The weights for the edges are determined by how many characters are not identical between
the two fragments. This method aims to divide the nodes
into two subsets with the smallest sum of distances.
Other objective functions
Several researchers have presented another possible ways
to determine single individual haplotypes. Levy et al.
(2007) and Genovese et al. (2008) proposed heuristic
methods for the haplotype determination using greedy
methods to construct the haplotype. Aguiar and Istrail
(2012) developed a haplotype determination method that
uses graph structure. In the model, the SNPs are nodes and
the sequence reads are edges. Using this method, the SNPs
and sequence reads are converted to spanning trees and
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then the haplotype is assembled by solving the minimum
weighted edge removal optimization problem. Matsumoto
and Kiryu (2013) developed a variational Bayes expectation maximization (VBEM) algorithm that has two mixture
components representing each haplotype. The authors
defined the minimum connectivity score (MC score), which
is a quality score evaluating partially assembled haplotype
segments that are free from switch errors. By selecting
regions with high MC scores, the haplotypes can be
accurately assembled. Another approach is to combine the
previously defined objective functions. Xie et al (2012)
combined the two existing models, MEC and MFC,
showing that the model could efficiently solve the haplotype phasing problem. Mazrouee and Wang (2014) constructed a fuzzy conflict graph by defining the interfragment distance. Fragment partition was performed using
the fuzzy conflict graph, similar to the previous MFC
method. The partition is then further refined with the MEC
model to achieve improved results.

Recent studies of single individual haplotyping
using NGS
Nowadays, with developments in sequencing technologies,
the aim of haplotype determination is to determine the
haplotype of the entire genome of a single individual.
Clark’s algorithm, which is the first computational haplotype phasing method developed, was applied to only two
genes, Adh and Est-6 of Drosophila melanogaster (Clark
1990). These genes contain 43 and 52 SNPs, respectively.
Even though some algorithms were developed for single
individual haplotyping, they were applied to a small
number of SNPs, around 100, by limiting the dataset
(Wang et al. 2005, 2007; Zhao et al. 2005; Kang et al.
2010). Successful results were obtained, but it is difficult to
confirm that these algorithms would work well in largescale datasets, such as the entire human genome.
To date, some complete real datasets have been generated for haplotype determination. Table 3 summarizes the
sequencing-based datasets produced for haplotype determination with computational approaches. Levy et al.
(2007) first constructed the haplotype of a single individual
from the sequencing datasets. They collected the sequence
fragments of Craig J. Venter (HuRef) that were generated
by the Sanger sequencing method and assembled the
fragments by using a greedy algorithm. The HuRef dataset
has been used to verify the performance of newly developed computational algorithms for some years. For
example, the HASH and HAPCUT methods were originally applied to the HuRef datasets (Bansal et al. 2008;
Bansal and Bafna 2008) to validate their proposed methods. He et al. (2010) also solved the haplotype
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Table 3 Haplotype determination for human individuals using high-throughput sequencing datasets and computational approaches
Dataset

Sequencing method

Computational approaches

Year

Representative
references

HuRef

Sanger sequencing

Greedy algorithm Levy et al. (2007)

2007

Levy et al.
(2007)

HASH Bansal et al. (2008)
HAPCUT Bansal and Bafna (2008)
He et al. (2010)
HapAssembly Chen et al. (2013)
MaxPlank one

Fosmid sequencing

RefHap Duitama et al. (2010)

2011

Suk et al.
(2011)

HapMap sample NA20847

Fosmid sequencing

HAPCUT Bansal and Bafna (2008)

2011

Kitzman et al.
(2011)

HapMap sample NA12878

Fosmid sequencing

RefHap Duitama et al. (2010)

2012

Duitama et al.
(2011)

HapAssembly Chen et al. (2013)
MixSIH Matsumoto and Kiryu (2013)
H-BOP Xie et al. (2012)
HapMap sample NA19240, six libraries from
European HapMap pedigree 1463, and a single
library from personal genome project sample
NA20431

Dilution-based sequencing
with barcode adapters

Graph-based custom LRF
haplotype algorithm Peters et al.
(2012)

2012

Peters et al.
(2012)

HapMap sample NA18506, NA20847,
NA18507, HG01377, NA18506, and NA12878
NA20431 of the personal genome project
(designated PGP1)

Dilution-based sequencing
with barcode adapters
BAC

RefHAP Duitama et al. (2010)

2013

HAPCUT Bansal and Bafna (2008)

2013

Kaper et al.
(2013)
Lo et al. (2013)

HapMap sample NA12878, NA12891, NA12892

Dilution-based sequencing
with barcode adapters

Prism Kuleshov et al. (2014)

2014

Kuleshov et al.
(2014)

Bold indicates a method that is used in the original paper presented in the last column

determination problem using the HuRef datasets and
dynamic programming for short sequence reads by converting to Max-SAT problem for paired-end reads.
For single individual haplotyping, one of the biggest
problems with NGS data is the short length of the sequence
reads because these short reads do not include enough
variations. However, several experimental methods have
recently been developed to overcome the short length
problem. One of the recent representative methods is the
fosmid pool-based sequencing approaches. Kitzman et al.
(2011) and Suk et al. (2011) produced fosmid-based
sequencing datasets for a single individual and determined
the haplotype by using the previously developed HAPCUT
and RefHap methods, respectively. Duitama et al. (2011)
generated fosmid-based sequencing datasets for the
NA12878 CEU individual. In recent years, the sequencing
data for the HapMap sample NA12878 has often been used
for computation phasing experiments and for the evaluation of haplotype phasing results.
Although fosmid-based sequencing can generate longphased contigs, a large amount of DNA for sequencing and
extensive library processing are needed. To overcome this
problem, Peters et al. (2012) developed long fragment read

(LFR) technology without cloning or physical separation of
chromosomes to determine the haplotype. The computational haplotyping methods are based on a graph structure.
They constructed a graph with nodes corresponding to the
hetero SNPs and with edges corresponding to the expected
distances within the hetero SNP pairs. The haplotype was
assembled by generating a minimum spanning tree from
the datasets. Kaper et al. (2013) also proposed a cost
effective method using conceptually similar dilution-amplification-based sequencing techniques. These methods
reduce the library preparation time but require ultra-deep
sequencing of the samples and partially unphased variants
can remain. Kuleshov et al. (2014) proposed a statistically
aided, long-read haplotyping (SLRH) method. They constructed haplotypes from relatively short DNA fragments
that are amplified by PCR to reduce the amplification bias.
The method involves two stages. In the first local assembly
step, the fragments are assembled into haplotype blocks by
connecting the fragments with overlapping hetero SNPs
using a dynamic programming algorithm. The local
assembly step is conceptually similar to the previous haplotyping methods, such as RefHap (Duitama et al. 2010)
and HapCut (Bansal and Bafna 2008). Then, in the global
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assembly step the local blocks are formed into long haplotype contigs based on the hidden Markov model, similar
to IMPUTE2 (Howie et al. 2009). This approach is able to
produce long haplotype contigs with a high likelihood
score and high confidence. In addition, Lo et al. (2013)
generated a sequencing results based on bacterial artificial
chromosomes (BACs). Their approach could reduce the
sequencing costs and generate longer fragments than fosmid-based sequencing and LFR techniques.

Conclusions and future directions
The haplotype information of the entire genomes of a
single individual helps to clarify our understanding of the
structure of the human genome and its individual-specific
function. Moreover, it will provide more accurate translational results and phenotype prediction (Tewhey et al.
2011; Browning and Browning 2011; Hoehe 2003; Glusman et al. 2014). Because it is still expensive to separate
the two copies of a chromosome using wet-lab experimental methods, computational methods will play a practically important role in the single individual haplotyping
of the whole genome. The present paper reviewed the
haplotype determination problem and its computational
solution. The methods have been rapidly developed in
response to the production of a growing number of datasets
by NGS techniques. Many researchers have tried to solve
the haplotype determination problem for single individuals
using various computational approaches, including statistical and heuristic methods, with several proper objective
functions.
These approaches achieved successful results, but it is
still a challenge to determine the complete haplotype of a
single individual on a genome-scale. One of the main
problems to be tackled is the short length of the sequencing
reads. Short reads do not include enough sequence variations in a single read, so it is difficult to determine the
complete haplotype. Recently, longer reads have been
made possible by developments in sequencing methods, for
example, fosmid-based sequencing methods (Kitzman
et al. 2011; Suk et al. 2011; Duitama et al. 2011). Furthermore, nanopore DNA sequencing methods would also
be helpful (Clarke et al. 2009). However, these methods are
labor intensive and time-consuming, so a more effective
algorithm is necessary to determine haplotype from highthroughput sequence reads. Kuleshov et al. (2014) proposed a statistically aided, long-read haplotyping method to
determine single individual haplotypes by combining relatively short reads and fosmid sequencing. However it is
still challenging to determine the haplotype from short
sequence reads. Moreover, in most cases, it is impossible to
fully reconstruct the haplotype, usually because of the
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coverage problem. Another factor affecting the accuracy in
real problems is the error rate. Most recent haplotype
assembly algorithms provide effective results if the datasets have low error rates. However, in datasets with high
error rates, the accuracy is decreased. To overcome the
read length and error rate problems, a new algorithm
should be developed to uncover the relationships among
multiple fragments, even though the fragments do not
overlap. Recently, Chen et al. (2014) proposed a hypergraph-based haplotype assembly algorithm to capture the
higher-order relationships among the fragments. However,
it needs to be validated using recent real sequence datasets.
Moreover, use of family or trio information would help to
improve the accuracy of the haplotype determination
results (Aguiar and Istrail 2013; Roach et al. 2011).
Additionally, Yang et al. (2013) tried to overcome the
haplotype assembly problem by identifying most likely
haplotype segments based on a probabilistic model, by
combining the traditional haplotype inference methods.
They combined the information from a reference dataset
such as HapMap or the 1000 genome by using a likelihood
framework.
Finally, to improve efficiency and achieve a reasonable
computational time and memory capacity, parallel computing approaches or the application of MapReduce
methods are required. Due to the computational challenges, parallel computing has been increasingly important in the biological research area, especially in highperformance sequencing (Taylor 2010). As mentioned
above, haplotype determination is a time-consuming process that requires extensive computational power and
memory capacity. High performance computing would
overcome this limitation. The MapReduce frameworks
have been used for NGS analysis. For example, the
Genome analysis toolkit, one of the most popular NGS
analysis tools, was designed using the MapReduce
framework (McKenna et al. 2010). In addition, Cloudburst, a tool to map the sequence reads to a reference
genome, also uses a parallel read-mapping algorithm
based on MapReduce (Schatz 2009). Therefore, a new
algorithm needs to be developed for haplotype determination based on parallel computing. This new algorithm
would help more accurate and effective haplotypes to be
constructed and help to improve the biological understanding of the human genome.
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