Chapter 2
Algorithms and Data Structures
in Next-Generation Sequencing

Abstract This chapter provides an overview of prevalent data structures and algo-
rithms that are commonly utilized in bioinformatics. In particular, we place empha-
sis on data structures and algorithms that are employed in bioinformatic techniques
during next-generation sequence assembly.

2.1 Data Structures

From a computational point of view, DNA, RNA, and proteins can be regarded as
merely strings that consist of a finite set of letters (comprising of individual four let-
ter alphabets for DNA and RNA, and a 20-letter alphabet for proteins). The efficient
processing of these strings is necessary for almost all assembly and error correction
techniques that are applied to bioinformatics sequences. Therefore, such techniques
make extensive use of several data structures such as suffix/prefix trees, suffix arrays,
graphs, hash tables, and Bloom filters. In this section, we will briefly describe these
data structures and explain their applications in bioinformatics algorithms.

2.1.1 Strings

A string is a finite sequence of elements, typically characters, which are chosen
from a set called an alphabet. For example, if X is a nonempty finite set that denotes
an alphabet, then elements of X are called symbols or characters and any finite
sequence of characters from X is called a string over X [1]. Thus, DNA sequences
can be considered as strings over X={A, G, C, T} while RNA sequences can be
regarded as strings over X={A, G, C, U}.

The string length is a nonnegative number that indicates the number of characters
in the string. A string that does not contain any characters is called an empty string
(denoted by €). The length of an empty string is 0. Certain sets of strings are of
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special interest. For example, the set of all strings over X (denoted as X) is the
Kleene closure of £ whereas the set of all strings over X that have a specific length n
is denoted as X" (X°={e} for any alphabet X). In the context of bioinformatics, sub-
sequences of a fixed length n are usually called k-mers. These k-mers can be used to
identify regions of interest within bioinformatics sequences. They are also very use-
ful in the determination of sequence alignment and assembly algorithms. Consider
the following case for DNA where £={A, G, C, T}, then X?={AA, AG, AC, AT,
GA, GG, GC, GT, CA, CG, CC, CT, TA, TG, TC, TT}, and Z*=XUX'UZ?U...

Defining an order in a set of strings is vital for some applications. For example,
strings in suffix arrays (see below) are ordered lexicographically. Under this order-
ing scheme, strings are arranged based on the alphabetical order of their component
characters. For example, if X={A, G, C, T}, strings over X are ordered lexico-
graphically based on the relationship e<A<AA<AAA<...<AAAC<AAAG<A
AAT<AAC...

A string of length n has n suffixes/prefixes varying in length from 1 to n. For
example, the string ACGT has four prefixes (A, AC, ACG, and ACGT) and four
suffixes (T, GT, CGT, ACGT).

2.1.2  Suffix/Prefix Trees

Suffix/prefix trees for a string, or a set of strings, are created by entering all the suffixes/
prefixes of this string(s) into a tree structure [2]. Suffix trees in particular are very
useful in solving complex string problems. A suffix trie, also called a keyword tree
[3], is a special kind of suffix tree. In a suffix trie, every edge is labeled by a single
character. A suffix tree is formed by concatenating all the internal nodes in the suffix
trie. Figure 2.1 shows an example that illustrates the difference between the suffix trie
and suffix tree for the string ACTAG. In this figure, each leaf is labeled by a number
that indicates the starting position i of the corresponding suffix in the string.

In one of many beneficial applications, suffix trees can be used efficiently to
search for a specific string pattern in a large collection of strings [3]. In fact, using
only O(n) time, a string of length n can be searched for in any collection of strings
regardless of the size of the collection. For this reason, several assembly and error
correction techniques for NGS data make use of suffix trees. The usage of suffix
trees is limited, however, due to its large space requirement. As such, a suffix tree
requires O(n|Z|log n) bits to represent a string of length n over an alphabet X [2].

2.1.3  Suffix Arrays

Suffix arrays have similar functionality as suffix trees but with reduced space
requirements. A suffix array requires O(nlogn) bits only to store a string of length
n over an alphabet X, regardless of the size of X [2].
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Fig. 2.1 Suffix trie versus suffix tree. (a) The suffixes, (b) suffix trie, (¢) suffix tree for the string
ACTAG

7| Suffix 7 | SA[i]| Suffix
1| ACTAG 1 1 | ACTAG
2 CTAG 2 4 |AG

3 TAG 3 2 |CTAG
4 AG 4 5 |G

5 G 5 3 |TAG

Fig. 2.2 Suffix array versus suffix tree. Suffix array for the string in Fig. 2.1

In a suffix array, suffixes are sorted lexicographically in increasing order.
Figure 2.2 shows the suffix array (SA) of the same string in Fig. 2.1. Note the cor-
respondence between the order of the suffixes in the suffix array and the leaves in
the suffix tree.

Since the suffix array stores only the start positions of the ordered suffixes of a
string of length n, each entry in the array needs log n bit of space, and since there
are n entries (number of suffixes) in a suffix tree, the space requirement of a suffix
array is O(nlogn).

2.1.4 Graphs

A graph is a set of nodes, also called vertices, that are connected by edges. Graphs
can be categorized as directed or undirected. Edges in directed graphs have a
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Fig. 2.3 Graph types: (a) Undirected graph. (b) Directed graph

specific direction whereas edges in undirected graphs have no direction [4].
Figure 2.3 shows examples of both types of graphs.

A path from one vertex to another in a graph is called a walk. A closed walk is a
walk that starts and ends at the same vertex. A closed walk that has no repeated
edges or vertices (other than the starting and ending vertex) is called a cycle, e.g.,
the walk A-G—G-T—C-A in Fig. 2.3b represents a cycle.

There are two types of cycles that are very useful for genome sequence assembly,
namely, Hamiltonian cycles and Eulerian cycles. In a Hamiltonian cycle, every
node of the graph is visited exactly once, whereas in an Eulerian cycle, every edge
of the graph is visited exactly once.

Genome sequence assembly techniques which are based on Sanger sequencing
make use of graphs to reconstruct long contiguous sequences from shorter reads by
representing each read by a vertex and representing overlap between reads by edges
that connect each pair of reads as illustrated in Fig. 2.4a. Therefore, the problem of
assembling reads represented by graph vertices is reduced to finding a Hamiltonian
cycle in the graph [5].

In the next-generation sequencing environment, the instruments utilized produce
billions of short sequencing reads. As such, finding a Hamiltonian cycle in a graph
that contains a very large number of nodes is a challenging computational problem.
Therefore, the method described above for representing reads in a graph is not suit-
able for next-generation sequencing data.

Fortunately, discovering the location of an Eulerian cycle is much more efficient.
However, this requires representing next-generation sequence reads as edges rather
than vertices. To realize this, modern next-generation sequence assemblers utilize
De Bruijn graphs. De Bruijn graphs were originally designed to find the shortest
circular superstring that contains all possible substrings of a specific length k over a
given alphabet [5]. This problem is referred to as the superstring problem. The anal-
ogy between the superstring problem and the problem of assembling billions of
short sequencing reads into a single genome has attracted several researchers to De
Bruijn graphs.

An important factor in the assembly of next-generation sequence short reads
using De Bruijn graphs is that every distinct k—1 prefix or suffix of each k-mer is
represented by a node. Accordingly, each pair of nodes is then connected with a
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Fig. 2.4 Genome assembly using graphs. (a) Nodes and edges represent reads and overlap
between reads, respectively. (b) An example of a De Bruijn graph where suffixes and prefixes of
reads are represented as nodes and the corresponding k-mers as edges

directed edge if a k-mer whose prefix is one of the two nodes and whose suffix is the
other node exists. For example, AGCTGTAG is a small genome sequence from
which the following three short reads can be sequenced: AGCT, CTGT, and GTAG.
In splitting these reads into all possible k-mers of length k=3, 6 different 3-mers are
obtained: AGC, GCT, CTG, TGT, GTA, and TAG. For these 3-mers, we are able to
list all possible k— 1 prefixes and suffixes: AG, GC, CT, TG, GT, TA, and AG. As
illustrated in Fig. 2.4b, a De Bruijn graph is constructed by representing these suf-
fixes and prefixes as nodes and representing the corresponding k-mers (those having
prefixes and suffixes as nodes in the graph) as edges. Therefore, rather than perform
the computationally expensive process of finding a Hamiltonian cycle in a graph,
modern assemblers prefer to identify an Eulerian cycle in De Bruijn graphs during
genome reconstruction.

2.1.5 Hash Tables

The identification of repeats in a DNA sequence is critical for many applications,
including the study of genome evolution and divulging the characteristics of differ-
ent types of tumors. A hash table is a data structure that is commonly utilized to
efficiently locate repeats within a sequence. Moreover, certain error correction tech-
niques for next-generation sequencing, such as RACER [6], employ the use of hash
tables to achieve efficient storage of k-mers. The basic idea behind hashing is simple.
In a given collection of data, each data entry x is stored as a record in an array. The
location of this record is computed using a hashing function A(x) that assigns each
data entry to a unique integer that stands for a key to that particular location in the
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Fig. 2.5 Example hash tables

array. Accordingly, a hash table is used to preserve the set of keys that index differ-
ent records in the array. Understandably, a hashing function would map similar data
entries (or k-mers in the case of genome sequences) to the same index in the hash
table. In other words, repeated k-mers are collected under a single slot (chained
records) that is indexed using a unique key stored in a hash table [3].

Figure 2.5 shows a simple example of hashing functions. In this case, each entry
(k) is stored in the hash table at position (k modulo #), where n (=10) represents the
size of the hash table. A similar hashing function was used for storing k-mers in
RACER [6].

2.1.6 Bloom Filters

Counting k-mers is a crucial preprocessing step for several bioinformatics applica-
tions such as genome/transcriptome sequence assembly, error correction techniques
for next-generation sequence reads, and metagenomic sequencing. Several k-mer
counting and abundance analysis software packages have been presented recently
[7, 8]. In order to ensure rapid and memory-efficient counting of k-mers, these pack-
ages depend on memory-efficient data structures such as Bloom filters. A Bloom
filter is an efficient probabilistic data structure that tells us whether an element is
present or not in a data set. Bloom filters do not return false negatives. However, the
efficiency of Bloom filters comes at the expense of a controlled amount of false
positives. In other words, if a Bloom filter tells us that an element does not exist in
a data set, we can be assured that the element is definitely not present. However, a
Bloom filter may inaccurately indicate that an element is present in a particular data
set when it does not.

Figure 2.6 illustrates how Bloom filters work. A Bloom filter is simply an array
of bits that are initially set to zeroes as shown in Fig. 2.6a. To store an element in a
Bloom filter, the element is hashed several times using multiple hashing functions
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Fig. 2.6 Example of a Bloom filter of three hashing function. (a) A Bloom filter initialized to
zeros, (b) two elements are inserted into the Bloom filter, (¢) an example of true positive, (d) an
example of true negative, and (e) an example of false positive

to obtain different hash values. These hash values should lie in a range between 0
and the size of the Bloom filter. Bits located at positions indicated by the resulting
hash values are set to 1. Figure 2.6b—e illustrates how elements are inserted in a
Bloom filter of three hash functions, and shows examples of a true positive, true
negative, and false positive, respectively.

2.2 Algorithms

Bioinformatics is a field of science that studies how to relate the principles of com-
puter science to tackle important biological questions. This can be accomplished by
transforming biological queries into computational models and searching for
(or developing) efficient algorithms in terms of accuracy and complexity to broach
these subjects. An algorithm is a step-by-step description of a procedure of calcula-
tion, data processing, or automated reasoning [9]. In this section, we briefly discuss
how a popular biological problem such as biological sequence alignment can be
formulated as a computer science problem. Additionally, we will introduce algo-
rithms and give a brief overview of a commonly utilized computer science algorithm
that has been applied to a variety of biological problems, i.e., the greedy algorithm.

2.2.1 Alignment Algorithms

A typical approach to understand the functionality of a newly discovered gene is to
search for close matches in a previously stored database of known genes. In order to
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measure how close two genes are, they should be aligned with respect to each other
so that the number of matches between corresponding characters in the aligned
sequences is optimized. This biological problem is analogous to the well-known
computer science problem of string edit distance, which aims to measure the dis-
tance between two strings through aligning or matching them up [9]. For instance,
the following alignment of the two DNA strings x=CTGCG and y= ACCGCT show
that the number of matches between them is 3.

-CT - GCG
AC-CGCT

The alignment score is calculated based on a scoring matrix that specifies the
scores of matches, mismatches, insertions, and deletions. Figure 2.7 shows an
example of a scoring matrix. According to this matrix, the alignment score of the
above alignment is

5(-T)+8(C.C)+5(T,—-)+5(-C)+56(G.G)+5(C.C)+5(G.T)=7

There are two main classes of biological sequence alignments: global alignments
and local alignments. In contrast to local alignments where only portions of sequences
are aligned, the entire sequences are aligned in global alignments. Therefore, global
alignments are useful for aligning closely related sequences whereas local align-
ments are more suitable when comparing distantly related sequences [4].

According to the number of sequences to be aligned, sequence alignment
algorithms can be categorized into two categories; namely, pairwise alignment
algorithms and multiple alignment algorithms. Pairwise alignment algorithms aim
at finding the optimal alignment of only two sequences. On the other hand, the goal
of multiple sequence alignment algorithms is to find the best alignment of three or
more sequences. Figure 2.8 shows a general classification of sequence alignment
algorithms.

For next-generation sequence reads, aligners take into account the application
areas of next-generation sequencing technologies (e.g., metagenomics [10], cancer
genomics [11], or analysis of mRNA expression [12]) as well as their unique char-
acteristics (such as short read lengths, the large number of short reads to be mapped,
and platform-dependent sequencing error rates) [13]. Therefore, such aligners have
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Fig. 2.8 Classification of sequence alignment algorithms

extra features compared to general alignment techniques. For example, performing
alignment for short reads generated from certain next-generation sequencing tech-
nologies is computationally more intensive than the alignment of longer reads.
Several short read alignment algorithms and software packages have been proposed
in the last few years. Out of these aligners, Novoalign [14], SHRiMP [15], Bowtie
[16], SOAP [17], Burrows-Wheeler Alignment (BWA) [18], mrFAST [19], mrs-
FAST [20] are among the most popular.

2.2.2 Greedy Algorithm

Although dynamic programming can find optimal solutions for many optimization
problems such as the pairwise sequence alignment issue discussed in the previous
subsection, it is not always the strategy of choice for a wide range of optimization
problems, especially large-scale ones, due to its high computational cost. Fortunately,
the greedy algorithm provides a viable alternative strategy with reduced computa-
tional requirements. The basic idea behind this strategy is to adopt the best (optimal)
choice at each possible (local) stage in the hopes that a global optimum is reached
at the final stage [1]. Due to the fact that it chooses the best local solution, the greedy
algorithm is also called the best first search algorithm [21]. This can be explained
using the example shown in Fig. 2.9. As may be inferred from the figure, the prob-
lem here is to find the shortest path from node A to node E. Since there is no direct
path from A to E, an initial decision should be made regarding the move from A to
one of the three nodes B, C, or D. As shown in Fig. 2.9b, the greedy algorithm
choice (dashed line) for this local step is to move to B since the distance from A to
B is the shortest (best) among the three choices. It should be noted that obtaining the
optimal solution using the greedy strategy is not guaranteed. This is because
the greedy algorithm considers only the stage at hand and does not look ahead to the
following stages. It is clear from this example that the first choice made by the algo-
rithm does not lead to the optimal solution shown in Fig. 2.9c. Taking the next
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Fig. 2.9 Problem of finding the shortest path from A to E (a) solution using the greedy algorithm (b)
optimal solution (c)

stages into consideration, one should choose node C instead of B since the distance
from A to E through C is 17 (12+5) while the distance from A to E thorough B is
30 (10+20). However, the greedy algorithm often finds near-to-optimal solutions in
relation to several types of optimization problems [9].

Greedy algorithms are utilized in several applications in different areas of bioin-
formatics. These applications include genome rearrangement and locating regula-
tory motifs in DNA sequences [3]. Furthermore, several recently proposed alignment
and assembly algorithms for next-generation sequence data greatly benefit from the
greedy algorithm. In fact, the first short read genome assemblers are based on the
greedy algorithm [22-28]. The notion of applying the greedy algorithm to the next-
generation sequence assembly problem is straightforward. To decide which read or
contig should be added to the current one, the read (or contig) are sorted according
to their overlap scores and the one with highest score is chosen [29]. However, it
should be noted that next-generation sequence assemblers based on the greedy algo-
rithms can easily get stuck at local maxima, and therefore some researchers recom-
mend employing greedy algorithms to simple genomes only when the available
computer processing power is limited.
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