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ABSTRACT With recent advances in next-generation sequencing (NGS) technology, large volumes of data
have been produced in the form of short reads. Sequence assembly involves using initial short reads to
produce progressively longer contigs, and then using scaffolds to produce the final sequence. These processes
each require evaluation of the extent of homology between different sequences. However, because the NGS
platforms currently being developed are diverse, and the data being produced are of different sizes and
read lengths, numerous algorithms are being developed with unique methodologies to process this complex
data. It is difficult for biologists to manipulate the different features involved in these algorithms. Therefore,
to reduce experimental trial-and-error, different strategies are required depending on the performance
and purpose of the optimal algorithm, thereby facilitating understanding of algorithm methodologies and
effective use of their various features. This study is a review of the different short read alignment algorithms
and NGS platforms that have been developed to date, in order to aid efficient selection of algorithms for
reference sequences and mapping of DNA data.

INDEX TERMS NGS, sequence alignment, read alignment, FM-index, hashing.

I. INTRODUCTION
In the pursuit to uncover the secrets of life, DNA analysis suf-
fered many technical difficulties at first, but recent advances
in different sequencing technologies have enabled continual
production of DNA sequences from many organisms. How-
ever, it is no small task to rapidly and accurately analyze
the massive volume of sequence that has been expanding
enormously of late. There are two methods of assembly
after sequencing: de novo genome assembly and reference
assembly. De novo sequence assembly does not use prior
knowledge to produce the genome, whereas reference assem-
bly, in which sequences are mapped to a reference, requires
pre-existing data for comparison. Through these develop-
ments, various assembly algorithms are being used to reveal
genome sequences. The commonality involving the functions
of these two assembly methods is that they compare homol-
ogy between different sequences.
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Sequence alignment aims to compare homology between
two different sequences, and has developed from general
methods for sequence alignment to diverse methodologies
suited to specific purposes. Amongmethods to identify align-
ment products, optimal sequence alignment is a well-known
technique. The method aims to determine an optimal solution
for read alignment; however, the time required for alignment
increases with longer sequences, as the amount of data to
calculate grows. Therefore, improved methods with even
faster run times are needed. Wilbur and Lipman [5] proposed
a heuristic method to efficiently align query sequences in
a database. Using a faster method than optimal alignment,
they aimed to resolve the problems of increasing alignment
run time. Nevertheless, the time required for alignment still
increased with increasing data size; thus, the need to reduce
run time persisted. Recently, GPU-based hardware archi-
tectures are being developed to produce even faster algo-
rithms [8].

The first attempt to analyze base sequences using DNA
sequencing technology was Sanger sequencing, for which
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various methods have been used. As a 1st generation
sequencing technology, the chain termination method is very
expensive and takes a long time, but is relatively accu-
rate. Subsequently, next-generation sequencing (NGS) was
developed to overcome issues with cost and calculation
speed [44], [100]. NGS is a new sequencing technology that
can be performed more rapidly and inexpensively than previ-
ous DNA sequence analysis techniques. NGS-based methods
align short reads, extracted via an NGS platform, against
a reference sequence [6]. A mapping algorithm is used to
match parts of the reads that are similar to the reference, but,
depending on the type or size of data being investigated, it is
very difficult to decide upon a suitable mapping algorithm for
the input data. Stable alignment and mapping of short reads is
not yet a fully resolved problem [55], [101]. Many mapping
algorithms have already been developed, and over 70 short
read mapping tools have been proposed [9].

NGS platforms are needed to classify imprecise sequence
from DNA as informative data. Some of the earliest com-
panies performing sequencing, Applied Biosystems [10],
Solexa [11], and Life Technologies [12], have also been
developing new NGS platforms. Since then, many other
companies, through the development of NGS platforms and
introduction of the latest technology, are using sequencing
strategies focused on large-scale parallel alignment of short
reads instead of long sequences, and NGS platforms have
undergone rapid advancement since their commercializa-
tion [58].

In this paper, we explain the efficient short read mapping
algorithms used in NGS. Our aim is not to explain the meth-
ods of use or rate the algorithms, but rather to explain their
features and possible uses. This paper is divided into Sec-
tions 1 to 6. Section 1 is the Introduction. Section 2 describes
the trends in NGS technologies and platforms that have been
developed from the initial Sanger method. Section 3 provides
a simple introduction to the methodologies and algorithms
involved in commonly used sequence alignment methods,
specifically differentiating between optimal sequence align-
ments and heuristic sequence alignments. Section 4 compares
algorithms between different strategies using FM-indexes or
hash tables to classify short read alignment algorithms, and
thus explores methods of mapping short reads to reference
sequences. Section 5 shows a concise workflow of the overall
features and strategies for the short read alignment algorithms
discussed in this review paper. Finally, Section 6 is the con-
clusion.

II. CURRENT STATUS OF NGS TECHNOLOGY AND
PLATFORMS
Sanger sequencing has been used for a long time as a
method of DNA sequencing. However, the new method of
NGS has been rapidly distributed, and enables low-cost,
high-efficiency sequencing, producing a large quantity of
short reads. In the first stage of NGS, the platform divides
the DNA sequence into a very large number of fragments [1].
The fragments, which are the generated data, consist of short

reads. Finally, the short reads are mapped back onto reference
sequences. Thus, NGS technology is an inexpensive and
efficient method for DNA sequencing, and for re-sequencing
whole genomes that provides a high volume of data for
processing [59]–[61].

NGS platforms extract short read, and sequencing tech-
niques that use NGS platforms are referred to as NGS or
2nd generation sequencing [1]. In terms of the generations,
1st (Sanger) and 2nd (NGS) generation sequencing use PCR,
and, depending on the amplification method, this step can
be divided across the platform manufacturers Illumina [16],
Roche [66], and Life Technologies [12], [96]. In 3rd gen-
eration sequencing (Next-NGS), the process of PCR ampli-
fication is omitted, and the base sequence is analyzed by
sequencing single DNAmolecules. This process is called sin-
gle molecule real-time (SMRT) sequencing. SMRT sequenc-
ing is used in the PacBio RS platform, developed by Pacific
Bio Sciences [13], [97]. In terms of Solexa (hereafter, Illu-
mina) and 454 Life Sciences (hereafter, Roche) [66], the use
of improved NGS platforms and technologies has been stud-
ied to extract short reads with low error rates [1]. Compared to
2nd generation sequencing, 3rd generation sequencing actu-
ally produces even shorter reads [98]. However, as the read
length increases, the accuracy of the analysis can decrease
and costs can rise. Even recently, the 2nd and 3rd gener-
ation NGS platforms that can be used are continuing to
diversify [7], and this has been accompanied by changes in
sequencing technology in an effort to improve NGS platform
performance [95], [96].

III. METHODS FOR SEQUENCE ALIGNMENTS
A. OPTIMAL SEQUENCE ALIGNMENT
Over the last several decades, a large number of algorithms
have been proposed for both local and global sequence align-
ment. First, these can be divided into two categories, optimal
and heuristic. Optimal sequence alignment aims to find the
best alignment, while heuristic sequence alignment seeks
to find near-best alignments [20]. Representative optimal
sequence alignment algorithms include those proposed by
Needleman-Wunsch [2] and Smith and Waterman [3] using
the principles of dynamic programming [4].

The optimal global alignment algorithm of Needleman-
Wunsch operates similarly to the Smith-Waterman algo-
rithm, but when two sequences are compared, if they have
the same length and high homology, the global alignment
method enables very efficient alignment. First, alignment
is performed along the whole sequence, from start to end,
to find the best alignment. Second, Smith and Waterman
proposed an optimal local alignment in 1981 [3]. Unlike
global alignment, which aims to find an optimal alignment
for the entire sequence, local alignment aims to find shorter
but more precisely homologous regions.

B. HEURISTIC SEQUENCE ALIGNMENTS
For extremely long sequences, alignment is a non-trivial
problem, because, depending on the time complexity of
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FIGURE 1. Figure 1 shows the development of NGS platforms from the appearance of NGS to recent times [13]–[18], [50]–[53]. First, NGS platforms have
been classified based on their date of launch, in order to provide sales or services per year. SANGER∗) indicates the development of 1st generation
sequencing in 1977. Starting with 1st generation sequencing technology, the timeline shows NGS platforms and their corresponding companies arranged
by year. First, the companies consist of ‘a’, ‘b’, and ‘c’. ‘a’, ‘b’, and ‘c’ were taken over in the order of, as an example from the figure, a(1), a(2), and a(3), and
have been displayed up to the current company. The orders for ‘b’ and ‘c’ follow the same principles as ‘a’. Among NGS Platforms, 1) and 2) show the
abbreviated names: 1) ‘‘Ion PGM’’ refers to the ‘‘Personal Genome Machine’’ and 2) ‘‘PION’’ refers to ‘‘PromethION’’ [62]–[65].

FIGURE 2. Example of global and local alignment in two sequence. In the
figure, A is an example of two base sequences: Sequence 1 and Sequence
2. B shows the method for global alignment and C shows the mehod for
local alignment. There are dots, long lines, and short lines. Non-matching
pairs are indicated with dots ‘. ’, matching pairs are indicated with long
vertical lines ‘|’, and insertions or deletions, which show blank spaces, are
indicated with short horizontal dashes ‘-’.

the algorithm, it requires a large number of calculations.
Therefore, optimal alignment algorithms have been devel-
oped based on dynamic programming, and many researchers
have attempted to produce faster algorithms. Heuristic algo-
rithms do not always guarantee optimal results, but they pro-
duce sequence alignments that are generally optimal. These
algorithms are an improvement upon optimal methods in
terms of reducing the computing time required. Thereafter,
algorithms have been developed using heuristic sequence
alignment methods in accordance with the size of sequence
and the sequencing method employed. Local sequence align-
ment methods include FASTA (Fast Accurate Search Tool-A)
and BLAST (Basic Local Alignment Search Tool). Global
sequence alignment methods include MUMmer [67] and
LAGAN [68], and we provide a brief summary of MUMmer
to describe global sequence alignment.

1) FASTA
FASTA [21] was the first database homology search tool,
before the development of BLAST [22], and aims to find
homology in DNA and protein sequences. Because of the
restricted speed and memory of computers, a heuristic
method was used to align the query sequence against the
entire database. The approach of FASTA is as follows: first,
identical fragments of length k in the two sequences are clas-
sified as strings. Here, the k-tuples classify the items required
for matching. These are used to generate diagonal seeds
between the two sequences. Matching parts are connected
to make diagonals [69]. Second, a score is calculated using
a scoring matrix, and matches with a score at least as high
as a specified threshold are identified. Third, optimal local
alignment is performed using the Smith-Waterman algorithm.
While the speed is faster than optimal alignment algorithms,
scores below the threshold are excluded from alignment, and
hence the sequence alignment cannot be guaranteed to be as
accurate as optimal alignment methods.

2) BLAST
Following FASTA, the Basic Local Alignment Search
Tool (BLAST) program [22], [70] emerged. Compared to
FASTA, BLAST enables faster alignment. BLAST is a
tool that provides a rapid search function to find homol-
ogous sequences, and can be also accessed via the NCBI
site [23]. This program has several options, and the program
used differs depending on whether the query sequence is a
nucleotide or protein sequence. From the query sequence,
protein sequences of length k = 3 or nucleotide sequences
of length k = 11 are combined. The combined sequences
are compared with the database sequences. When database
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sequences are discovered that match the subword combina-
tions, the homology search is expanded to neighboring sub-
words. Here, gaps are not allowed, and elongation continues
until the score falls below the predefined threshold. After
elongation ceases, from the database sequences, sequences
are extracted with high-scoring segment pairs (HSP) that
exceed the threshold [24], [25].

3) MUMMER
Maximal Unique Match-mer (MUMmer) is used to resolve
the problem of BLAST alignment of very long sequences,
such as whole genomes [68]. MUMmer is not used for exist-
ing DNA sequence alignment, but has been used to compare
two related species of bacteria. Using an efficient suffix
tree-based data structure, MUMmer is able to find exact
matches within the whole genome according to the input
sequence length. However, even though many bioinformat-
ics researchers are making efforts to develop DNA analysis
tools for more accurate comparison of genomes, this remains
a difficult problem. Since then, several new methods have
been proposed for comparison and visualization of genomes,
aiming to overcome the difficulties in generating improved
algorithms and visualization techniques required to com-
pare genetic homology, including the Artemis comparison
tool (ACT) [73], Mauve [74], BLAST ring image generator
(BRIG) [75], and geneCo [76].

IV. SHORT READS ALIGNMENT ALGORITHMS
With the emergence of NGS technology, a large num-
ber of short reads are produced. Short read is comprised
of very small units. The process of restoring the whole
nucleotide sequence from these short reads can be divided
into two steps. Reference sequencing is the process of map-
ping short reads by comparison with a reference sequence.
De novo assembly is the process of restoring the whole
sequence based on only short reads (i.e., without a reference
sequence).

Reference sequencing is a mapping process in which short
reads are compared with a reference sequence, to verify
locations in the reference sequence corresponding to each
of the short reads produced. The base sequence of interest
is analyzed through this mapping process [99]. Meanwhile,
the de novo assembly approach aims to derive information
regarding a genome that has not yet been revealed. Reads
are extracted by DNA sequencing, the reads are constructed
into contigs, and the contigs are assembled to form scaffolds.
Since there may be gaps between the contigs, scaffolding pro-
duces scaffolds that include such gaps. Finally, the scaffolds
can be assembled into an entire genome sequence [26], [27].

Before performing alignments using short read, the most
basic method of producing reads uses single-end sequencing.
However, while single-end sequencing is relatively easy, it is
difficult to find precise locations for mapping. For this reason,
a method called paired-end reads or mate-paired reads has
been used to produce both position and nucleotide infor-
mation for the short reads [56]. In paired-end sequencing,

FIGURE 3. Paired-end sequencing.

the position and length of the reads can be predicted, which,
compared to single-end sequencing, makes it possible to
efficiently detect and amend alignment errors. In single-end
sequencing, sequencing is performed from one end and reads
are rapidly generated. Conversely, in paired-end sequencing,
sequencing is usually performed from both ends of the DNA
fragment [57]. As shown in Figure 3, When the sum of the
read lengths is greater than the fragment length, there will
be an overlap between the advancing ends of Read 1 (pale
gray) and Read 2 (dark gray). When the overlapping parts are
combined, a single, longer read can be produced. Compared
to the single-end method, the paired-end approach produces
a larger number of reads, and identifies the positions of the
reads.

Short read alignment using reference sequencing,
as depicted in Figure 4, can be divided into two methods.
The first is FM-index-based algorithms [28] and the second
is hashing-based algorithms [29]. Moreover, there are two
types of methods to enable even faster computation speeds
by improving computational performance at the hardware
level. Various improved central processing unit (CPU) and
graphics processing unit (GPU)-based algorithms have been
developed to enable faster analysis of the alignment process.

A. HASH-BASED ALGORITHM
The hash function for each base in the sequence is indexed
in a hash table that classifies keys and values according
to consistent rules. Therefore, the process of using hash
functions to index the hash table is referred to as hashing.
The hash functions ensure that, for efficient management,
data of an arbitrary length is mapped to data of a fixed
length. In the hashing sequence, there will be a large number
of intervals in which the same base sequence is repeated,
and this can cause collisions in the hash table. Collisions
restrict performance, and several methods have been pro-
posed to resolve this problem. If there is an error or vari-
ant in one character in a read sequence, the hash value
may be completely different from the appropriate value, and
hash-based algorithms use variousmethods to account for this
issue.

Figure 5 shows a general workflow for the hashing process.
First, the same seed template is applied as in indexing of the
reference sequence, and k-mers are generated from the query
read. Fragments are obtained as continuous substrings with
length 6. When the k-mers method is used, the required string
can be obtained from the substrings [71]. The hash table is
then used to check for congruency and incongruency with the
reference sequence, as shown in processes C and D.
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FIGURE 4. De novo assembly and reference sequencing.

FIGURE 5. Hashing-based workflow. The hashing-based workflow
proceeds in alphabetical order from Figure 5A to 5D. A is a simple
example of a query read. B shows selection of k-mer sizes and fragments
extracted from the query reads. The fragments are the substrings shown
by the black lines below ATACCG. Processes C and D use the hash table.
First, in C, the k-mer fragments extracted previously are used to construct
a hash table that stores their hash values. In D, each of the fragments
indexed in the hash table is compared with the reference for similarity.
Continuous matching fragments are shown in color. Similar but
non-continuous fragments are shown in black. A total of four fragments
matched, of which 3 were continuous. A mismatch (red) is included with
the three continuous matches (blue).

1) LOSSY FILTRATION
String matching problems are diverse, from the relatively
simple task of searching for a single character to database
searches involving complex patterns [36]. When the string is
a sequence, and when trying to match a long sequence pre-
cisely, the accuracy of the aligned sequence may be reduced.
However, fragments from most sequences can still be dis-
covered. On the other hand, short reads exhibit an excessive
number of hits that are not all aligned. Both accurate and
inaccurate alignment are included, and to resolve this, meth-
ods such as PatternHunter [92] have been used to introduce
spaced seeds, in order to match non-continuous sequences of
characters. A seed template is constructed from only 1s and
0s, with 1s used for matches and 0s for mismatches. Seed
template construction and seed matching reduce the number
of random hits. However, they do not account for indels.
Thereafter, the development of PatternHunter II [93], which
uses several spaced seeds, increases the positions required
for congruency. This can result in loss of sensitivity. One
method to minimize the loss of sensitivity is to use more than
one template, and performmatching at the required positions.

FIGURE 6. 3-mer CGA matched (1) and mismatched (0). When a read and
the reference are compared, the matched pairs are highlighted in blue,
with the matching of ‘‘cga’’ as an example of a seed template
using 1 and 0.

Although there is still loss, the parts matched by the templates
are identified, and mismatched parts are ignored. Expanding
the range of choices is a process of loss, and spaced seeds
can be used to discriminate sequences that allow errors and
gaps. Several methods have been studied using seeds and
filtration [37]–[39].

• BFAST (BLAT-like Fast Accurate Search Tool)
BFAST [47] was proposed for faster and more accurate

sequence alignment of short reads. For this proposed method,
first, indices need to be generated for the reference genome.
Using an indexing method can reduce the time required for
alignment. Tomake alignmentmore accurate, BFAST can use
paired-end sequencing. Specifying a fixed length can improve
the accuracy of alignment. Second, regarding the generation
of several independent indexes, candidate alignment loca-
tions (CALs) need to be found for each read. In order to iden-
tify the CALs and the best matching reads, gaps are allowed
and the best quality score can be used. Finally, alignment
is performed using the Smith-Waterman algorithm for local
alignment. As a simple workflow, first each index is used as a
suffix array for the reference genome. Amask is applied to the
suffix array, space-seeds are found, and the starting position
of each seed can be determined. Afterwards, alignment of
the CALs and short reads can be completed using the SW
algorithm. Figure 7, below, is a simple example of applying
a mask to the reference genome and obtaining space-seeds.

In addition to the short read aligners described above,
there are also several hash table-based tools that have
been proposed, including SeqMap [77], SHRiMP [78],
ZOOM [79],MOSAIK [80], Stampy [81], FastHash [82], and
SHRiMP2 [83].
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FIGURE 7. BFAST workflow. As a simple example, several masks are
applied to indexed suffix arrays of the reference genome, and
space-seeds are found.

2) LOSSLESS FILTRATION
In order to consider areas with true similaritymatches without
loss, lossless filtration algorithms need to remove the scope of
potential mismatches from the range of potential similarities.
Lossless filtration is referred to as lossless because, after
identifying sequence fragments with potential similarities,
it guarantees that only fragments that could be part of repeats
are discarded [40]. Most methods depend on the pigeon-
hole principle, or minimum scores, for seed matching. The
pigeonhole principle states that when there are n pigeons
and n−1 pigeonholes, there cannot be a one-to-one matching
between pigeons and pigeonholes [41]. In order to place all
n pigeons into pigeonholes, at least one pigeonhole needs
to contain at least two pigeons. This principle can be used
in lossless filtration methods. Algorithms for the pigeonhole
principle include SOAP [42], MAQ [43], and RMAP [46].

• SOAP (Short Oligonucleotide Alignment Program)
SOAP is an alignment tool that uses the concepts of

seed-extend and a hash look-up table, and is capable of
alignment either with or without gaps [42]. First, for the
seed-extend concept, when aligning reads to a reference
sequence, one continuous gap or up to two mismatches are
allowed in the sequence. In terms of the hash look-up table,
when seeds are generated for each read, an index table is
made from the seeds, and candidate hits are searched and
aligned to the reference sequence. In alignment, the best
hit is considered to be the hit with the minimal number of
mismatches, or with no gaps or a minimal number of gaps.

•MAQ (Mapping and Assembly with Qualities)
MAQ [43] is a sequence alignment algorithm that rapidly

aligns short reads to a reference sequence, and precisely infers
variants, including SNPs and indels. In order to efficiently
map short reads, indices are assigned to the read sequences,
the reference sequence is scanned, and extended or scored
hits are identified. The best hits for possible read alignment
positions are identified. The total quality score is minimized,
including mismatched bases. If there are several reads in
the best position, they are arbitrarily selected, and in order
to improve alignment speed, only hits with 2 or fewer mis-
matches have to be considered.

FIGURE 8. MAQ reference sequence template generation and
construction of a hash table for the read sequence. This is an example of
a reference sequence and a read sequence. The underlined parts of the
read sequence ‘-’ indicate the locations of mismatches due to variants or
errors. The templates are constructed from the reference. Generally, given
an 8-bp read, 6 templates are used. By comparing the seed templates
with the reads in the hash table, the sequence can be found, including
mismatches.

One disadvantage of this method is that the read sequence
is hashed instead of the reference sequence. This means that
whenever the read sequence is changed, a new hash table
has to be constructed, and as the number of mismatches
grows, the scanning process becomes longer. Referring to
the example in Figure 8, first, using 6 non-adjacent tem-
plates, it is necessary to check whether they match with the
6 hash tables [43], [92]. The 6 templates used are 11110000,
00001111, 11000011, 00111100, 11001100, and 00110011,
where 1s are indexed but 0s are not indexed. Using pair-end
alignment of the read, MAQ stores only the two hash tables
corresponding to two templates (11110000 and 00001111) in
memory. When comparing the read sequence to several tem-
plates, each process is separate, and so after storing the read
hashing results for the first template, hashing is performed
for the next template and those results are stored. From the
6 templates, 6 hash values can be extracted, and the read
sequence, after applying the templates, can be compared with
the reference sequence.

• RMAP
The original RMAP [45] used a filtration method proposed

by Baeza-Yates and Perleberg [54]. In this filtration strategy,
when mapping is performed with reads of length n, allowing
for k mismatches, each read is divided into k + 1 adjacent
seeds. Quality score information is used, which can inform
important decisions about the length and position of reads.
Subsequently, RMAP [46] was adapted to use paired-end
methods, quality scores could be used more precisely to
improve accuracy, important positions could be identified,
and wildcard matching methods could also be employed.
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FIGURE 9. BWT construction process. The character $ indicates the end of
the sequence, and sequence in string form is termed ‘S’. S is defined to be
‘‘CCGATA’’. In order to construct the BWT, three processes are required.
When proceeding in order from A to B in Figure 9, first, in A, the process
of generating a suffix array from the original sequence, ‘S’ is achieved by
sequential rotations of S, one character at a time. Second, the array is
sorted to place the suffixes in alphabetical order (when ‘‘CC’’ and ‘‘CG’’
are arranged in alphabetical order, ‘‘CC’’ is first.) Third, in Figure 9 B, from
the BWM on the left in A, using the LF method, the first and last columns
are stored. Finally, the column corresponding to L is named the BWT.

Wildcards induce low quality locations, defined by the thresh-
old value, to always guarantee matching. Mismatches are
only calculated in high quality locations. First, a method with
a seed structure is used to place the reads in positions of exact
matches with the reference sequence, which represent all of
the locations that can be mapped. Then, the algorithm allows
precise mapping of even the parts that have not been mapped.

B. FM-INDEX-BASED ALGORITHM
An FM-index [48] is an algorithm based on the Burrows-
Wheeler Matrix (BWM) and Last-First (LF) [30], and
uses LF to enable backward searching and backtracking.
The basic algorithm using BWM and LF is called the
Burrows-Wheeler Transform (BWT). The BWT consists of
a tree structure including all suffixes and prefixes in the
string: although the structure allows very rapid calculations,
it has a drawback in that, as the string becomes longer,
the tree size also grows massively. Among efforts to over-
come these difficulties, the suffix array of the BWA [32]
has been converted to a data structure that stores the start-
ing positions of suffixes, which are arranged alphabeti-
cally, reducing the storage space required compared to a
suffix tree. String BWT was originally developed for data
compression.

1) BWT (BURROW-WHEELER TRANSFORM)
For the composition of the BWT, when given data in a string
format, the string is converted into a matrix, and the matrix
is then sorted into alphabetical order. The last row of BWM
after alignment is completed is called the BWT. This series
of processes uses data in string form, and a simple example
is shown in Figure 9.

• SOAP2
In SOAP2 [31], instead of a seed algorithm to index the

reference sequence in the main memory, as in the original
version of SOAP [42], the same BWT compression index is
used as shown in Figure 10 [31]. SOAP2 can be used with
both paired-end and single-end sequencing methods, and,

FIGURE 10. BWA suffix array construction and example.

like SOAP, prioritizes finding the best hit for reads. First,
split-read alignment is used to handle mismatches and indels.
The split-read method allows 1 mismatch when there are
no matches, and searches for hits by splitting the read into
2 fragments before attempting mapping. If no hits are found,
by the same method, 2 mismatches are allowed and the read
is split into 3 fragments before attempting mapping. If no
hits are found to the end, the Smith-Waterman algorithm is
used for alignment. During alignment, one continuous gap
or several mismatches (as many as 4) are allowed, but for
optimal performance, allowing 2 mismatches provides suit-
able alignment. In addition, memory usage is reduced and the
alignment speed is greatly improved.

2) BACKTRACKING
Backtracking refers to tracing back over part of the sequence
that has already been aligned. A matrix is generated corre-
sponding to the reference and query sequences, and thematrix
is populated with scores. Scores are assigned according to
whether or not there is a match, and scores are also given
for gaps. Once the whole matrix has been filled, the highest
scores are identified and backtracking is performed. Several
aligners have been developed, such as Bowtie and BWA,
which use backtracking to map read [94].

• BWA (Burrow-Wheeler Aligner)
BWA is an algorithm that uses a suffix array (SA) to per-

form alignment. In the process of generating the SA, in order
to define new indexes through BWM alignment, indexes are
assigned again according to their order. The altered SA index
makes it possible to identify positions within the data in string
form. BWA generates a BWM from the start, and stores the
positions of the first and last columns; the starting positions
are stored in the suffix array, and the end positions are stored
in the BWT. Backtracking can be performed with methods
such as Bowtie. An example of executing BWA is shown
in Figure 10. First, data is used in the form a string stored
in a BWM. If the string is named ‘S’, then S = ‘‘CCGATA’’.
When trying to find ‘‘CC’’, displayed in bold in S, the BWT
is ATG$CCA, and C is at indexes 3 and 4. In the SA, the 3rd
and 4th values are 0 and 1, meaning that the string of interest,
S, appears at the 0th or 1st position.
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FIGURE 11. The Bowtie matching process using a BWM. The LF mapping
method differentiates between L (Last) and F (First), and the L and F data
stored in the BWM are used. The Bowtie matching process
in Figure 11 involves two tasks. In Figure 11 A, the construction of BWM
from Figure 9 is used. First, in order to find the example query (‘‘$CC’’),
the SP (Start Point) and EP (End Point) columns are used. The SP and EP
columns determine the part pertaining to the query suffix. Second, using
the LF mapping method, the characters in L are checked to verify whether
these are the characters located after the query. This series of processes
is repeated. This backtracking procedure is used to find whether the
query is present.

• Bowtie
Bowtie [33] rapidly aligns short reads to a reference

sequence and efficiently stores the results in memory. Bowtie
is an alignment algorithm that uses the BWM and LF map-
ping methods, and performs backtracking using the greedy
algorithm to cope with inexact or uncertain matches. The
following behaviors are possible for the query string. In the
event of an inexact match, even if there is a problem at the
time when the match is judged to be optimal, this is defined as
an optimal but not a perfect match. If it is difficult to conclude
that the overall alignment is optimal - an optimal solution
can be obtained through partial optimal matching, but Bowtie
does not guarantee finding the ideal alignment in these cases.

In addition to the sequence aligners described above, there
are several other FM-index-based tools that have been pro-
posed, such as GEM [84], BLASR [85], and BWA-SW [86].

C. THE SHIFT FROM CPU TO GPU ALIGNMENT
To rapidly analyze large numbers of short reads, generally,
CPUmethods have been used, with single or multiple proces-
sors. When short read is analyzed, the process that typically
takes the longest time is short read alignment. Therefore,
in order to analyze a large amount of short read loaded into
memory, cost and speed need to be improved, and as the
size of short read datasets has gradually grown, efficient,
expandable short read aligners have increasingly become nec-
essary [49]. One method that has been proposed to overcome
these issues is to use a GPU for parallel processing of large-
scale, short read [96], and recently CUDA, which uses a
parallel programming language, can be used efficiently for
parallel processing of large short read datasets [72].
GPU-based aligners follow the principles of the algo-
rithms introduced in Sections 4.3 and 4.4. GPU algorithms
can be classified into hashing-based GPU algorithms, and
BWT-based GPU algorithms; here, we briefly introduce the
upgraded GPU versions of the RMAP and SOAP algorithms,
described above for CPU.

The hashing-based GPU aligner GPU-RMAP [35] is a
version of the RMAP algorithm optimized for NVIDIA GPU
products that is capable of parallel processing. First, hash
tables for the whole genome and reads are sent from the
CPU memory to the GPU memory. In the GPU, the genome
is divided into several independent segments. The divided
segments are scanned in parallel, and a score is assigned
to the mapping locations of all of the reads. In the second
stage, the reads are spread between GPU threads to select the
positions with the highest scores. Finally, with regard to the
hash tables sequentially constructed in RMAP, as the number
of reads increases, the key-value pairs to be compared are
loaded into the GPUmemory, and the computational speed of
searching may decrease. Here, if the tables were in the form
of binary search trees, it could be an improvement upon con-
ventional hashing methods. In binary search trees, the upper
few levels of the tree, which are accessed frequently, are allo-
cated to the faster cache memory to optimize performance.
The BWT-based GPU algorithm SOAP3 Aligner is the GPU
version of the BWT-based SOAP2 Aligner. SOAP3 Aligner
allows reads to be aligned to a reference sequence with up to
4 mismatches.

The hashing-based GPU aligner GPU-RMAP [35] is a
version of the RMAP algorithm optimized for NVIDIA GPU
products that is capable of parallel processing. First, hash
tables for the whole genome and reads are sent from the
CPU memory to the GPU memory. In the GPU, the genome
is divided into several independent segments. The divided
segments are scanned in parallel, and a score is assigned
to the mapping locations of all of the reads. In the second
stage, the reads are spread between GPU threads to select the
positions with the highest scores. Finally, with regard to the
hash tables sequentially constructed in RMAP, as the number
of reads increases, the key-value pairs to be compared are
loaded into the GPUmemory, and the computational speed of
searching may decrease. Here, if the tables were in the form
of binary search trees, it could be an improvement upon con-
ventional hashing methods. In binary search trees, the upper
few levels of the tree, which are accessed frequently, are allo-
cated to the faster cache memory to optimize performance.
The BWT-based GPU algorithm SOAP3 Aligner is the GPU
version of the BWT-based SOAP2 Aligner. SOAP3 Aligner
allows reads to be aligned to a reference sequence with up to
4 mismatches.

GPU-based aligners improve the speed of alignment for
short read, and the process is expandable by using mul-
tiple GPUs instead of a single GPU. Other GPU-based
aligners that have been proposed include CUSHAW [87],
CUSHAW2-GPU [88], and SARUMAN [89].

V. SHORT READ ALGORITHM CHARACTERISTICS AND
ANALYSIS OF STRATEGIES
A comparative analysis of the performance of the lat-
est updated and existing algorithms was performed. Each
short-read alignment algorithm was comparatively analyzed
using the data provided by NCBI. Overall, the CPU-based
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TABLE 1. Table 1 presents the reference sequence and SRA provided by NCBI to perform experiment under the same conditions as in the aligner. For a
fair test at Intel(R) Xeon(R) CPU E5-2695 v4 @ 2.10 GHz, all the servers were run on a single core. All aligner versions used are the latest versions. There
are three classification methods: 0,1 for the number of mismatches, and the default option for not selecting the number of mismatches.

FIGURE 12. Table 1 shows the graph of the performance comparative
analysis. Among the algorithms based on FM-index and hash,
the algorithms with the most sorted reads are marked with the symbol ‘∗’.

algorithms were compared. GPU-RMAP and SOAP3, which
were updated to the GPU method in the existing CPU-based
algorithms, were added to the Table 2. However, there were
few objects available for comparison; hence, the analysis was
performed based on CPU-based execution time and aligned
reads.

For comparative analysis, each aligner used the same
experimental data and server. Reference sequence
NZ_CP05032 and Sequence Read Archive (SRA)
SRR11461738 of IlluminaHiseq 4000were used for analysis.
All aligners, including MAQ and RMAP, were tested with
a single core for a fair performance comparison. During
the analysis, RMAP should only have one read line in the
SRA file and the number of all reads must be equivalent
to perform sorting. Therefore, upon finding the read with
the maximum size, all the reads were filled with n bases
equivalent to the maximum size, following which the experi-
ment was performed. The result was remeasured for accuracy
by arranging the start and end positions while excluding n

FIGURE 13. Table 1 shows the graph of the performance comparative
analysis. Among the algorithms based on FM-index and hash,
the algorithms with the least execution time are marked with the
symbol ‘∗’.

TABLE 2. Overall details of short read alignment algorithms.

bases. Figure 12 shows the alignment accuracy of the leads.
Figure 13 shows the performance speed depending on the
number of aligned leads.
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FIGURE 14. Short read alignment algorithm: hierarchical structure.

FM-index-based algorithms are generally faster than
hash-based algorithms, and the number of aligned reads is
also higher. Figures 12 & 13 and Table 1 demonstrate that the
selection of an algorithm can vary depending on the speed
and accuracy. To select an efficient short read alignment
algorithm, it is necessary to confirm the execution time and
read alignment performance, and establish an algorithm use
plan according to the user’s experiment.

VI. CONCLUSION
With the emergence of NGS technology, there have been
rapid advances in read alignment algorithms using read.
Unlike previous sequencing technologies, NGS enables
high-speed analysis of DNA sequences. A large amount of
NGS data has been extracted in the form of short reads, and
short reads are used to obtain desired information by compar-
ison with reference sequences through mapping [6]. Several
algorithms using mapping methods have made important
contributions to DNA analysis, even recently. However, since
the algorithms used differ depending on the specific analyt-
ical methods and objectives involved, there are almost no
generally-applicable algorithms. For this reason, the method
for choosing the best short read alignment algorithm is to
select the best algorithm in each specific circumstance. Short
read alignment algorithms are still being actively proposed in
order to develop newmethods and improve existing methods.

When the short reads extracted by NGS platforms are
mapped to reference sequences, the important aspects are
high computing speeds and alignment accuracy. It is essen-
tial to select mapping algorithms that can perform optimal
alignments according to the specific conditions. In this review
paper, algorithm analysis has been divided intomethods using
hash tables, and methods using FM-indexing. The content
regarding the algorithms in Section 4 has been arranged in
the form of a hierarchical structure, as shown in Figure 14.
It presents a workflow that concisely classifies the content
of Section 4. In Section 5, to compare the performance of
hash-based and FM-index-based algorithms, accuracy and
execution time can be confirmed through default options and
0,1mismatched experiment. As the user’s choice of algorithm
ultimately affects the speed and accuracy of the experiment,

it is necessary to select an efficient algorithm by establishing
an algorithm use plan suitable for the user’s experiment. It is
anticipated that Table 1 and Figures 12 & 13 will help in
selection of an algorithm for more sorted reads and shorter
execution time.

Recently, there have also been developments involving
mapping algorithms using short reads, and enhancements to
NGS platforms. Currently, well-known companies that can
market NGS platforms generating short reads include Illu-
mina, Oxford Nanopore, PacBio, and 10x Genomics. Since
the Sanger DNA sequencing method was first published,
there have been efforts to further advance sequencing tech-
nology and data analysis.

This study reviewed the types and functions of sequence
alignment algorithms using short reads. Recently, computa-
tional methods have been shifting from CPU-based hardware
to GPU-based platforms, but most algorithms handling bioin-
formatics data with high I/O still operate on CPU-based archi-
tectures. In the future, a review of GPU-based computational
methods may also be very helpful.
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