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Owing to rapid advances in the next-generation sequencing technology, the cost of DNA sequencing has been reduced
by over several orders of magnitude. However, genomic sequencing of individuals at the population scale is still
restricted to a few model species due to the huge challenge of constructing libraries for thousands of samples.
Meanwhile, pooled sequencing provides a cost-effective alternative to sequencing individuals separately, which could
vastly reduce the time and cost for DNA library preparation. Technological improvements, together with the broad
range of biological research questions that require large sample sizes, mean that pooled sequencing will continue to
complement the sequencing of individual genomes and become increasingly important in the foreseeable future.
However, simply mixing samples together for sequencing makes it impossible to identify reads that belongs to each
sample. Barcoding technology could help to solve this problem, nonetheless, currently, barcoding every sample is
costly especially for large-scale samples. An alternative to barcoding is combinatorial pooled sequencing which
employs pooling pattern rather than short DNA barcodes to encode each sample. In combinatorial pooled sequencing,
samples are mixed into few pools according to a carefully designed pooling strategy which allows the sequencing data
to be decoded to identify the reads that belongs to the sample that are unique or rare in the population. In this review,
we mainly survey the experiment design and decoding procedure for the combinatorial pooled sequencing applied in
rare variant and rare haplotype carriers screening, complex genome assembling and single individual haplotyping.
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INTRODUCTION

Over the past decade, owing to rapid advances in the next-
generation sequencing technology, the cost of DNA
sequencing has been reduced by over several orders of
magnitude. Especially, the release of Ilumina’s HiSeq X
Ten System has reduced the cost of sequencing a human
genome to $1000 [1]. The reduction in the costs of DNA
sequencing is democratizing the extent to which indivi-
dual investigators can pursue projects at a scale
previously accessible only to major genome centers
[2,3]. Producing tens of thousands of genomes, or so-
called ‘factory-scale’ sequencing will revolutionize the
study of population diversity and help us to understand
the genetic basis of health and disease better [1].1

Nevertheless, given the factory-scale, it is obvious that
many research questions cannot be addressed by whole-
genome sequencing of individuals despite the plunging
cost for sequencing [4,5]. The main challenge exists in
individually amplifying and creating sequencing libraries
for thousands of samples. To efficiently use the capacity
of sequencer and reduce the cost of sequencing library
construction for large-scale sequencing, multiple indivi-
duals could be pooled together and sequenced, called
pooled sequencing (pool-seq). Pool-seq could provide a
cost-effective alternative to sequencing individuals sepa-
rately, since pool-seq uses a single library for the entire
sample, whereas sequencing of individuals requires a
separate library to be prepared for each sample [4,6].
Pool-seq could save tremendously on sample prepara-

tions, especially for targeted sequencing projects, since
the cost for target capturing is proportional to the number
of samples (i.e., number of individuals without pooling
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vs. number of pools in pool-seq) [7]. The main limitation
of the naive pool-seq strategy is its inability to obtain the
information for each individual sample participated in the
pool. However, multiplexing using sequencing barcodes
could overcome the drawback, where the DNA in each
sample is cut into short fragments suitable for sequencing
and ligated with a short, sample-specific DNA sequence
i.e. barcode [8]. After sequencing, reads belonging to each
individual could be assigned precisely based on the
barcode signature.
Studies have showed that pool-seq is often more

effective in SNP discovery and could provide more
accurate allele frequency estimates at a lower cost than
sequencing of individuals, even when taking sequencing
errors into account [5,9]. Hence, pool-seq has been widely
applied in researches which involve large scale samples
and relies on the precise allele frequency, such as genome-
wide association studies (GWAS), population genetics,
reverse ecology, genome evolution studies [4].
Due to the effectiveness of pool-seq in cost and allele

frequency estimation, pool-seq has been applied in a
broad range of applications. The majority of these
applications rely on sequencing large pools of individuals
from multiple populations or generations. Although with
further reductions in sequencing costs, pool-seq will
remain an important tool for researches requiring
adequate sample sizes. With the availability of new
software packages for the analysis of pool-seq data, pool-
seq will be an even more attractive research tool in the
future [4].
However, original pool-seq is unable to identify reads

that belongs to each sample. Although DNA barcodes
make it possible to distinguish reads from different
samples, barcoding every sample remains very costly
currently. In 2009, Patterson et al. proposed the concept
of the combination between combinatorics and pooled
sequencing [6], defined as combinatorial pooled sequen-
cing which allows the sequencing results to be decoded to
identify the reads belonging to samples that are unique or
rare among the population without barcodes. Using ideas
from a branch of mathematics called combinatorics,
thousands of samples are pooled and sequenced at the
same time in the combinatorial pooled sequencing. In
detail, samples are mixed into few pools according to a
carefully designed pooling strategy where the pooling
patterns instead of DNA barcodes are used to tag samples.
At present, combinatorial pooled sequencing has been

utilized in many applications, such as identifying rare
variants carriers and rare haplotype carriers [6,10],
assembling complex genome [11], single individual
haplotyping [12], sequencing of multiple viral samples
[13]. Since the application and limitations of pool-seq are
summarized in many articles, in this review, we
particularly focus on the experiment design and decoding
procedure for the combinatorial pooled sequencing

applications.We will also discuss the further directions
and limitation for the combinatorial pooled sequencing.

COMBINATORIAL POOLED
SEQUENCING

As described previously, the objective of combinatorial
pooled sequencing is to obtain reads specific to
individuals that are unique or rare among the population
such as rare variant carriers. In the combinatorial pooled
sequencing, samples are mixed into few pools according
to a carefully designed pooling strategy where the pooling
patterns instead of DNA barcodes are used to tag each
sample. And combinatorial pooled sequencing allows the
sequencing results to be decoded to identify the reads that
belongs to samples that are unique or rare in the
population. Hence, combinatorial pooled sequencing
involves two more steps than normal pool-seq: encoding
and decoding (Figure 1) [6]. The encoding step refers to
the design of the pooling strategy which should guarantee
that pooling pattern for each sample is distinct to each
other. While the decoding procedure is utilized to analyze

Figure 1. The combinatorial pooled sequencing involves
two more steps than normal pool-seq project: encoding

and decoding. Individual DNA samples are placed in multiple-
wells plates. The encoding step refers to the design of the
pooling strategy. Different colors denote distinct pools.

Samples are mixed into pools according to the color code
(i.e., pooling pattern in the combinatorial pooled sequencing)
and samples with multiple colors are mixed into multiple pools.
The decoding procedure is utilized to analyze the pooled

sequencing results and obtain the reads belonging to samples
that are unique or rare in the population, according to the
pooling signature for each sample. The colors of the reads

match the colors of the pools, denoting the distinct sets of
reads that are produced by each pool.

© Higher Education Press and Springer-Verlag Berlin Heidelberg 2016 37

Combinatorial pooled sequencing



the pooled sequencing results to obtain the reads that
belong to each sample according to the unique pooling
pattern for each sample.
Currently, many pooling strategy in the combinatorial

pooled sequencing derive from the non-adaptive pooling
design in the field of group testing [14], such as DNA
Sudoku design [15], the shifted transversal design (STD)
[16] and some random pooling designs [14]. The concept
of group testing can date back to World War II, which was
first proposed by Dorfman [17], for the problem of
determining which blood samples contain the syphilis
antigen for numerous soldiers. Besides, samples can also
be mixed into multiple pools in a manner so as to create a
code (a unique set of pools for each individual) and the
unique code (pooling pattern) is used to tag each
individual. Hence, code words from the theory of
constructing error-correcting codes have been applied in
creating the pooling strategy [18]. In the above pooling
strategies, samples are mixed into multiple pools to
guarantee unique pool signatures for each sample.
Alternatively, samples could also be mixed into only
one pool. Taking advantage of extra information, reads
belong to distinct samples in the same pool could also be
separated without barcodes [12].
In theory, decoding algorithms for non-adaptive

pooling designs in the group testing field can be utilized
directly to analyze the results of combinatorially-pooled
sequencing as long as these algorithms match the pooling
design used to construct the pools [19]. Techniques from
the field of compressed sensing [20,21], designed for
efficiently reconstructing a sparse signal by finding
solutions to underdetermined linear systems, have also
been applied in the combinatorial pooled sequencing for
the decoding procedure.
In general, combinatorial pooled sequencing can utilize

few pools without barcoding specimens in the pools to
obtain reads belonging to samples that are unique or rare
in the population. Compared with sequencing individual
samples independently, combinatorial pooled sequencing
could vastly reduce the efforts for sequencing library
preparation as well as the cost. Besides, pools could be
mixed again by employing few DNA barcodes to further
reduce the sequencing cost.
In the following section, we will mainly introduce the

experiment design and decoding procedure for the
combinatorial pooled sequencing applications.

EXPERIMENT DESIGN AND DECODING
FOR COMBINATORIAL POOL-SEQ
APPLICATIONS

Rare variant carriers screening

Rare variants are responsible for a large portion of the

heritability of some common complex human diseases
[22,23]. Genome-wide association studies have begun to
focus on the contribution of variants of low minor allele
frequency (MAF 0.5%–5%), or of rare variants
(MAF< 0.5%) [23]. The functional and evolutionary
impacts of rare variants have been reported; therefore,
large-scale screening for disease-associated rare variants
becomes increasingly important for investigating target
biology and drug response, providing clinically action-
able information [24,25].
Because of the extremely low frequency of rare

variants, sample sizes must be large enough to guarantee
efficient observations. As described previously, combined
with multiplexing using sequencing barcodes, pool-seq
could help for screening rare variant carriers. However, at
present, barcode sequencing is still costly not only
because of limited barcoding capacity but also due to
the per sample cost for barcode preparation and ligation.
To further reduce the cost of large-scale screens for rare
variant carriers, several groups used techniques from the
group testing theory [14,26] and compressed sensing
[20,21] to construct a kind of combinatorial pooled
sequencing called overlapping pool sequencing (OPS) to
identify rare variant carriers efficiently. In summary, OPS
allocate individual samples into a small number, but
different pools and the identity of each sample is encoded
within the pooling pattern rather than by its association
with a particular DNA barcode. Accordingly, samples that
carry variants could be identified based on their pool
signatures.
An OPS design with n samples and t pools is associated

with a t � n binary matrix M = {mij}, in which the rows
are indexed by t pools A1, . . . , At ⊂ Set{1, . . ., n}, the
columns are indexed by n samples {1, . . . , n}, and mij= 1
if and only if the jth sample is contained in the ith pool. A
simple OPS design for identifying at most 1 variant carrier
among 7 samples is shown in Figure 2. The most critical
step in the OPS is the encoding procedure i.e. the design
of pooling matrixM which should guarantee distinct pool
signature for each sample. After pool-seq, pools that
contain variants could be identified precisely. In the
decoding procedure, variant carriers identification can be
translated as sparse vector recovery on the basis of
pooling matrix (M) and pool-seq results (Y). And
fortunately, many algorithms from the field of group
testing [14,26] and compressed sensing [20,21] are
available for finding the rare variant carriers.
The first OPS design, presented by Erlich et al. [15],

employed the DNA Sudoku design to mix samples. The
DNA Sudoku design is constructed based on the Chinese
remainder theorem and guarantees that the intersection
number of each column in the pooling matrix M is equal
to one, meaning that no two samples will be jointly placed
in more than one pool. In theory, the number of pools in
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DNA Sudoku design is a small multiple of the square root
of the number of samples. As long as the pools containing
variants can be identified precisely, utilizing decoding
methods from the fields of non-adaptive group testing
[19], samples that carry the rare variants could be inferred
with very high confidence. Erlich et al. implemented
DNA Sudoku design for screening carriers of the variants
associated with cystic fibrosis among 18,000 individuals,
and achieved greater than 97% accuracy with about only
2,700 pools where the frequency of the variants carriers
was ~1.8%.
Prabhu and Pe’er [18] constructed an OPS design on

the basis of code words from the theory of error-
correcting codes. In their design, individuals are assigned
to pools in a manner so as to create a code: a unique set of
pools for each individual. This set of pools to which an
individual is assigned defines a code word, or pool
signature. Theoretically, the design requires ~log(n)
pools. In the decoding procedure for discovering a variant
carrier, the set of pools where the variant is observed
reveals the identity of its carrier. Prabhu and Pe’er
demonstrate the ability of their designs in extracting rare
variant carriers using short read data from the 1,000
Genomes Pilot 3 project. With practical parameters of
sequencing studies, their designs guarantee high prob-
ability of variant carrier identification. However, the
design was only able to detect and identify “single-

tons”— a variant occurring in just one sample—with
very good reliability [6].
Combinatorial pooling design in group testing field

[14] could be applied in OPS strategies directly. In
practice, many pooling designs are capable of detecting
with high probability more variant carriers than guaran-
teed [16,27]. Hence, substantial simulations must be
performed to figure out how many variant carriers and
errors that a design can actually deal with. Incorporating
weighting into existing pooling designs has also been
shown that have enough power to facilitate detection of
even the common alleles carriers, where different
individuals donate different amounts of DNA to the
pools [28]. However, it is hard to obtain exactly the same
amounts of DNA as designed and differences between the
actual and designed amounts may prevent the experiment
from the accurate decoding [29].
Basically, decoding algorithm from group testing

theory [19] can be used directly to identify these rare
variant carriers based on the pooled sequencing results as
long as pools that contain variants could be distinguished
precisely from those that do not. In order to address these
issues specific to pool-seq, Wang et al. [7] proposed VIP,
a complete data analysis framework for overlapping pool
sequencing designs, with novelties in variant pool and
variant locus identification and variant allele frequency
estimation. Meanwhile, VIP also improved the variant

Figure 2. A simple overlapping pool sequencing design for identifying atmost 1 variant carrier among 7 samples. The left
part indicates the encoding procedure and the right part indicates the decoding procedure. This design consists of three pools: {1, 3,

5, 7}, {2, 3, 6, 7} and {4, 5, 6, 7}. After pooled sequencing for these three pools, sequencing results could be represented by the
vector [0, 1, 1]T (Y) where pools with the variant are denoted as 1 and pools without the variant are denoted by 0. In the decoding
procedure, variant carriers identification can be translated as sparse vector recovery on the basis of pooling matrix (M) and

sequencing results (Y). We can simply infer the sample vector x as [0, 0, 0, 0, 0, 1, 0]T where 1 denotes the variant carrier and 0
denotes normal individual i.e. the 6th sample is the variant carrier.
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sample decoding procedure by taking sequencing errors
into consideration.
Considering the fact that the number of reads covering

variants could reflect the number of samples that carry
variants in each pool and drawing inspiration from
compressed sensing, Erlich et al. employ a compressed
genotyping protocol to identify carriers of a severe genetic
disease which occupy only a small fraction of the
population [30,31]. In particularly, Erlich et al. presented
light-weight designs based on the Chinese Reminder
Theorem to pooled samples and proposed a Bayesian
reconstruction approach based on belief propagation to
identify the variant carriers. Similarly, Shental et al. put
forward a novel pooling design that enables the recovery
of novel or known rare alleles and their carriers in groups
of individuals by utilizing techniques from compressed
sensing filed [29]. In Shental’s research, random pooling
matrices were employed to mix samples where each pool
consists of a random subset of individuals. Subsequently,
the commonly used gradient projection for sparse
reconstruction (GPSR) algorithm [32] in the field of
compressed sensing was chosen to find the variant carriers.
Cao et al. proposed an efficient OPS strategy on the basis
of quantitative group testing [33]. In their study, random k-
set pool designs [34] were used to mix samples, and the
design parameters could be optimized according to an
indicative probability. Next, using the quantitative infor-
mation contained in the sequencing results, Cao et al.
designed a heuristic Bayesian probability decoding
algorithm to identify variant carriers. With the simulated
pools and publicly available Illumina sequencing data,
Cao’s method correctly identified the carriers for 91.5%–
97.9% variants with the variant frequency ranging from
0.5% to 1.5% [33].
Currently, the majority of these designed overlapping

pool sequencing strategies mainly focused on screening
carriers of rare variants. However, utilizing the imputation
information, He et al. [35] and Hormozdiariy et al. [36]
revealed that OPS could also be applied to genotype the
common SNPs and obtain more accurate genotypes.
OPS has already been applied in screening individuals

with rare variants associated with lung cancer [37] and
bicuspid aortic valve [38]. OPS could save tremendously
on sample preparations for screening rare variant carriers
since the number of pools involved is much less than the
number of individual samples. However, the cost for the
data production cannot be neglected due to the adequate
sequencing depth required for efficient observation of
variants in the pools. Cao et al. construct the cost model
for OPS which covers both library preparation and data
production, and suggest that optimal OPS design should
be chosen to not only minimize the cost but also guarantee
correct decoding procedure [39].

Identify rare haplotype carriers

Most variants identified by GWAS so far confer relatively
small increments in risk, and explain only a small
proportion of heritability [23]. Studies also have begun
to focus on the values of haplotypes and genome wide
haplotype association (GWHA) studies have been
presented to find the association between haplotypes
and diseases [40]. The combination of genetic marker
alleles such as SNPs on a single chromosome is called a
haplotype which provides valuable information on
evolutionary history and may lead to the development
of more efficient strategies to identify genetic variants that
increase susceptibility to diseases [41]. Rather than
examining variants independent of each other, simulta-
neously considering the values of multiple variants within
haplotypes can improve the power of detecting associa-
tions with disease [42]. Up to now, numerous rare
haplotypes have been found associated with several
diseases [43–46]. Therefore, identifying rare haplotype
carriers is also very valuable in diseases studies.
Similarly to identifying rare variant carriers, as long as

the haplotype frequencies can be estimated precisely for
pool-seq, indicating that pools containing rare haplotypes
can be recognized correctly, it is feasible to apply
overlapping pool sequencing directly in screening for
rare haplotype carriers. The only one obstacle needing to
be solved is to estimate haplotype frequencies accurately
from DNA pools. Fortunately, Long [47] presented
PoolHap to estimate haplotype frequencies from pooled
samples by next-generation sequencing. Based on an
expectation maximization algorithm, Kessner [48] put
forward Harp to calculate the frequencies of haplotypes
from pool-seq data. However, both PoolHap and Harp
required that the haplotypes for pooled samples were
known for inferring the frequency which may conflict
with real situation. Fortunately, several methods that take
advantage of haplotype database information have
showed great potential in haplotype frequency estimation
[49,50]. By means of databases that contain prior
haplotypes, Cao et al. translated the problem of estimating
frequency for each haplotype into finding a sparse
solution for a system of linear equations and put forward
Ehapp to estimate the frequencies [10]. Results showed
that Ehapp could estimate the frequencies of haplotypes
with only about 3% average relative difference for pooled
sequencing of the mixture of 10 haplotypes with total
coverage of 50�. Comparisons on simulated data in
conjunction with publicly available Illumina sequencing
data indicate that Ehapp is state of the art for many
sequencing study designs [10]. Nevertheless, Ehapp is
sensitive to high sequencing error rate since base qualities
are not taken into consideration in Ehapp [10].
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Once a haplotype is confirmed that has association with
diseases, similar to genomic variants, screening for the
haplotype carriers is of great value in the practical
application. On the basis of accurate estimation of
haplotype frequency from pool-seq data, Cao et al.
revealed that it is feasible to apply OPS directly to identify
rare haplotype carriers cost-effectively by conducting a
simulation experiment to identify 2 heterozygous carriers
for an assigned haplotype among 100 simulated diploid
individuals [10]. Finally, OPS with the DNA Sudoku
design [15] and shifted transversal design (STD) [16]
required 34 and 33 pools respectively to find 2 specified
haplotype carriers precisely among 100 diploid samples.
Hence, the sequencing library required for screening rare
haplotype carriers is vastly reduced. Therefore, OPS
showed great potentiality in reducing the sequencing
library as well as the cost for screening rare haplotype
carriers.

Assemble complex genomes

Although the next-generation sequencing technology
allow researchers to obtain whole genome sequencing
data and assemble the genome, the short reads length and
substantial repetitive sequence in the genome hinder the
application of the next-generation sequencing technology
in assembling complex genomes such as large plant
genome [51]. Alternatively, sequencing clone-by-clone
has been shown feasible for large complex genomes
assembly [52].
To obtain the sequence for each clone to assemble a

complex genome, using DNA barcodes is unpractical due
to the huge number of clones. In order to overcome the
limitations imposed by using DNA barcodes when
multiplexing a large number of clones, Lonardi et al.
proposed a clone-by-clone sequencing protocol that
employed combinatorial pooled sequencing to efficiently
recover reads for each clone and achieve de novo selective
genome sequencing [11,53].
In summary, Lonardi’s protocol involves seven essen-

tial steps:
A. Obtain a clone library for the target individual;
B. Fingerprint clones and build a physical map;
C. Select a minimum tiling path (MTP) from the

physical map [54,55];
D. Pool the MTP clones according to the shifted

transversal design (STD) [16];
E. Sequence the DNA in each pool and filter reads with

low quality;
F. Assign reads to clones (decoding);
G. Assemble reads clone-by-clone using a short-read

assembler.
The novelty of Lonardi’s approach is that hundreds of

clones are pooled using STD and then sequenced. Pool

seq can take advantage of the throughput of the current
generation of sequencing instruments. Meanwhile, STD
compares favorably, in terms of efficiency and robustness
to errors, to the previously described combinatorial
pooling designs and allows the identification of rare
events among large-scale samples [16]. Since at most few
MTP clones overlap for the most realistic scenario,
meaning that each pool-sequenced read is specific to very
few clones i.e. rare events among all these MTP clones,
Lonardi’s protocol allows the decoding procedure to
obtain reads specific to each alone [11]. Accordingly, the
whole genome assembly could be achieved by assem-
bling reads clone-by-clone using a short-read assembler.
The most critical step in Lonardi’s protocol is to assign

pooled sequencing reads to each clone i.e. decoding.
Initially, Lonardi et al. presented HashFilter which assign
reads based on the pool signatures of all the k-mer strings
in each reads [11]. After decoding, hundreds of millions
of short reads were assigned to the clones so that the
assembly can be carried out clone-by-clone. Experimental
results on simulated data for the rice genome showed that
the assignment was extremely accurate (99.57% of the
decoded reads are assigned to the correct BAC), and the
resulting BAC assemblies had very high quality (BACs
were covered by contigs over about 77% of their length,
on average).
Since Lonardi et al. pooled clones according to STD

which is a Reed-Solomon based pooling design, to
achieve the highest possible decoding accuracy, Duma et
al. proposed a decoding approach that combined ideas
from the fields of compressive sensing and decoding of
error-correcting codes [56]. Given the result of pooled
sequencing of genomic BAC clones, Duma et al. cast the
problem as a compressed sensing problem where the
unknowns are the assignments of the reads. Additionally,
overlap between reads and mate pair information could
also be used to further improve the accuracy of the
decoding. Experimental results on synthetic data for the
rice genome and real data for the barley genome showed
that this decoding algorithm enables significantly higher
quality assemblies than HashFilter [56].

Single individual haplotyping

Haplotype phase information in diploid organisms
provides valuable information on human evolutionary
history and may lead to the development of more efficient
strategies to identify genetic variants that increase
susceptibility to human diseases [41]. At present,
individual haplotyping are achieved mainly by three
strategies: genetic analysis, population inference and
molecular haplotyping.
Genetic analysis based haplotyping requires pedigrees

and can yield chromosome length haplotypes which are

© Higher Education Press and Springer-Verlag Berlin Heidelberg 2016 41

Combinatorial pooled sequencing



highly accurate and complete. Nevertheless, genetic
analysis is not always feasible to recruit the required
participants for family-based studies and cannot phase
positions in which all family members are heterozygous
[57]. Population inference requires models of the
population structure of haplotypes and relies on the
availability of population-matched reference haplotype
datasets which are needed to be large enough to sample
rare variants. Moreover, population-based phasing meth-
ods are limited to generation of short haplotype blocks
and will incorrectly phase rare combinations of variants,
where those combinations are likely to be medically
important [57].
Molecular haplotyping involves the direct observation

of alleles on a single molecule. These molecules are often
single sequence reads, ranging in size from tens of bases
to thousands of bases. Whole chromosome haplotype
phasing has been achieved by fluorescence activated cell
sorting [58], chromosome segregation [59], micro-
dissection based sequencing [60] and proximity-ligation
sequencing using the Hi-C protocol [61]. However, these
methods only phase a fraction of the heterozygous
variants in an individual, and more importantly, they are
technically challenging to perform or require specialized
instruments [62].
Recently, a kind of single individual haplotyping

methods based on combinatorial pooled sequencing
have also been presented [12,63–67]. The basic principle
behind these methods involves constructing pools con-
taining DNA fragments that constitute only a few haploid
copies of genomic DNA. Taking DNA fragments as
samples, the encoding procedure for the combinatorial
pooled sequencing used in these single individual
haplotyping methods refers to mixing limited long
genome fragments to a pool which should guarantee
that any position of the genome is likely to be represented
by haploid DNA. In the decoding step, each sample
(DNA fragment) in the pool could be computationally
reconstructed by identifying regions of enriched coverage
after mapping pool-seq reads back to reference genome
[12]. Accordingly, reconstructed fragments representing
local haplotypes could be joined together to form the
whole chromosome haplotypes.
Kitzman et al. [63], Suk et al. [64] and Lo et al. [12]

construct pools that contain few haploid copies by

pooling limited number of fosmids or BAC clones from
the clone library for the individual. In general, given a
clone library for an individual, clones are grown in
separate wells on plates. Briefly, using a liquid handling
robot, pools are constructed by combining clones from
limited number of plates. For instance, in Lo’s research
[12], 5,376 clones from fourteen 384 well plates are
mixed to form a pool which constitute about only 0.25
haploid copies. Hence, any position of the genome is
likely to be covered by only one clone. After pool-seq and
mapping reads, each clone in the pool could be
computationally reconstructed by identifying regions of
enriched coverage even without barcodes. However, an
obvious shortcoming of these strategies is that large-insert
cloning is technically challenging and not readily scalable
[62].
To overcome this limitation, Peters et al. [65] and

Kaper et al. [66] developed another pooling strategy by
diluting sheared genome DNA fragments into plenty of
pools to ensure that each pool has few haploid copies.
Subsequently, DNA template in each pool is indepen-
dently amplified using multiple displacement amplifica-
tion (MDA) to generate sufficient input material for
sequencing library preparation. Similar to pooled clone
sequencing, reconstructed segments in each pool repre-
senting local haplotypes were next used for whole
genome haplotyping. However, the challenge of consis-
tent dilution of genomic DNA to each pool and non-
uniform representation of the fragments introduced by
MDA may hinder the application of this kind of strategy
[62].
Alternative implementations of these haplotyping

methods based on combinatorial pooled sequencing
mainly differ in how pools are generated. The configura-
tions for generating pools in different combinatorial
pooled sequencing based haplotyping methods are
summarized in Table 1. In general, the accuracy and
resolution of the reconstructed haplotypes increase with
length of fragments and the number of pools, and decrease
with the number of haploid copies per pool as well as the
number of fragments per pool.
To address some limitations in these haplotyping

methods based on combinatorial pooled sequencing,
Amini et al. [67] reported a distinct method for direct
haplotyping, termed contiguity-preserving transposition

Table 1. Configuration for generating pools in different pool-seq based haplotyping methods.
Refs. # of fragments per pool Length of fragments (kbp) # of haploid copies per pool # of pools

Lo et al. [12] 5,000 140 0.25 24

Kitzman et al. [63] 5,000 37 0.06 115

Suk et al. [64] 5,000 40 0.07 288

Peters et al. [65] 5,000 –10,000a 60 0.15 384

Kaper et al. [66] 16,377b 13.8 0.075 192
a, b Estimated value based on the length of fragments and the number of haploid copies in the pool.
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sequencing (CPT-seq). Combinatorial 96-plex indexing at
both the transposition and PCR stage enables the
construction of 9,216 'virtual pools'. CPT-seq employed
large effective number of virtual compartments per
physical compartment and could avoid the amplification
biases associated with MDA [62].

CONCLUSION AND DISCUSSION

Pool-seq could take advantage of the capacity of
sequencer and save tremendously on the cost of
sequencing library construction for large-scale sequen-
cing, especially for targeted sequencing projects. Utilizing
DNA barcodes, each sample in the pool is ligated with a
short and sample-specific DNA sequence, the information
for each individual sample participating in the pool could
be recovered from the pooled sequencing results.
Furthermore, pool-seq is often more effective in SNP
discovery and could provide more accurate allele
frequency estimates at a lower cost than sequencing of
individuals even when taking sequencing errors into
account, making pool-seq appealing in various genetics
researches such as GWAS, population genetics, reverse
ecology, and genome evolution. With the tremendous
increase in the throughput for the massive parallel
sequencing instruments and the availability of advanced
new algorithms, pool-seq will become more attractive in
the foreseeable future.
However, original pool-seq is unable to identify reads

that belongs to each sample. Barcoding remains very
costly for distinguishing reads from different individuals
especially for large sample size. Fortunately, combinator-
ial pooled sequencing has been proposed on the basis of
the combination between the pooled sequencing and a
branch of mathematics called combinatorics. In summary,
combinatorial pooled sequencing utilizes pooling patterns
rather than DNA barcodes to tag each sample and allows
the sequencing results to be decoded to identify the reads
belonging to the sample that are unique or rare in the
population.
In general, combinatorial pooled sequencing involves

two more steps than normal pool-seq: encoding and
decoding. The encoding step refers to the design of the
pooling strategy. Many pooling designs from the fields of
group testing and compressed sensing could be applied in
the combinatorial pooled sequencing. Accordingly, the
corresponding decoding algorithms can be utilized
directly to analysis the pooled sequencing results. Since
the combinatorial pooled sequencing allows the using of
few pools to obtain the reads that belong to each
individual for large-scale studies, the efforts for sequen-
cing library preparation could be vastly saved.
In this paper, we mainly survey the encoding and

decoding procedure for the combinatorial pooled sequen-
cing applied in several experiments. The combinatorial

pooled sequencing could employ much fewer pools than
the samples to identify rare variant and haplotype carriers
among large-scale samples. Due to the fact that few
clones in the library have overlaps, the combinatorial
pooled sequencing has been utilized to obtain the reads
specified to each clone which allows achieving the draft
of complex genomes by assembling reads clone-by-clone.
By constructing pools that contain a few haploid copies of
genomic DNA, combinatorial pooled sequencing also
showed great potential in single individual haplotyping.
Obviously, combinatorial pooling sequencing involves

pooling large numbers of specimens which makes liquid
handling a challenge. Using liquid-handling robot to
execute experiments automatically could help to vastly
decrease the labor for pooling [68].
Current pool-seq with short sequencing reads makes it

a challenge for linkage disequilibrium estimation and
haplotype phasing [4]. Only variants that can be observed
within a read or pair of reads could be phased accurately
[69,70]. However, this could be improved by advances in
sequencing technologies, such as Nanopore [71] and
PacBio [72] sequencing platforms, which allow haplotype
sequencing for DNA fragments of up to 10 kb. Pooled
RNA sequencing has exhibited accuracy comparable with
pooled DNA sequencing in estimating allele frequency
[73]. However, variation in expression level between
individuals should be assessed and accounted for. Hill et
al. also presented MMAPPR, a mutation mapping
analysis pipeline for pooled RNA-seq [74]. We anticipate
that these applications will benefit from pool-seq as well
as the combinatorial pooled sequencing.
With the availability of new dedicated software tools

facilitating the analysis of pool-seq data and the
anticipated continued interest in pool-seq, we expect
that combinatorial pooled sequencing will be a more
attractive tool in the future.
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