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Abstract The assembly of billions of short sequencing reads into a contiguous
genome is a daunting task. The foundation knowledge of current DNA assembly
models is concentrated among a select group, where the solution to the genome
assembly challenge lies in proper ordering the genomic data. This contribution’s
objective is to provide an overview of the original graph models used in DNA se-
quencing by hybridization. With the updated analytical approach based on the
bidirectional bipartite graph class, the theoretical basic structure of the DNA as-
sembly model has been described in new perspective by incorporating few short
hypothetical DNA sequences. On the Galaxy platform, by using Spades assembler
and Velvet assembler, the comparative outcomes of an experiment are presented,
and we also identify their working schemes. Here, the working principle of de
Bruijn graph has been discussed in broader point of view.
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1 Introduction

Assembling a genome is similar to doing a jigsaw puzzle. The overall image guides us
in assembling pieces to form a picture in a puzzle. As everyone knows, this particular
jigsaw puzzle is extremely difficult and time-consuming to solve since, in the absence of
the whole picture, we must estimate the prior information that explains the connections
between each and every individual components. Similarly, in genome assembly, we have
DNA pieces (reads) and must fit them together without knowing the final sequence.
It’s like a challenging puzzle where we lack the complete picture, requiring us to infer
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connections between genetic components. Although there are similarities between jigsaw
solution and genome assembly, genome assembly is more challenging due to the large
number of individual pieces that form its collection [5,23].

Among the various theoretical computation approaches to propel modern biology, we
frequently use mathematical based algorithms to tackle intricate questions and overcome
biological hurdles. In a scenario like this, utilizing the graph theory field to solve a spe-
cific problem brought a fresh look and stimulated new findings. One such problem may
be genome assembly or DNA sequencing, which is a fundamental problem in molecular
biology. Genome assembly advances show the ongoing advancement of science across
time, integrating biology and technology [3]. In this paper, we attempt to give an out-
line of genome assembly to which working mechanism of assembly has been explained
through graph theory in order to understand the technical arrangement based on the
pure theoretical perspective.

The four nitrogenous bases adenine (A), guanine (G), cytosine (C), and thymine (T)
combine to generate each monomer that makes up the DNA polymer. The term DNA
stands for deoxyribonucleic acid and it is composed of two twisted strands of four nu-
cleotides forming a double helix, which encrypts the genetic data of living things. The
four different nucleotide types in DNA are joined together by hydrogen bonds in such a
way that adenine and thymine are always paired, whereas guanine and cytosine are always
paired. For this reason, from given a fragment of DNA of one strand we can always figure
out how the matching segment in the opposing strand is organized. Complementarity
is the name given to such a characteristic. The pentose carbon atoms 5 and 3" dictate
the starting and terminating positions of a DNA strand, respectively. A DNA strand is
read 5’ to 3’ direction and running in the opposite direction is the complementary strand.
The number of nucleotides of single stranded chains is usually expressed in base pairs
(bp) [17].

A specific method for figuring out a DNA’s nucleotide sequence is called DNA se-
quencing. In 1977, Frederik Sanger with his colleagues [19] proposed a DNA sequencing
method that was able to read DNA fragments (i.e., reads) upto 700 — 900 bp in length.
The method which was a pure wet laboratory approach was slow and costly. Sanger et
al. [13,20] suggested breaking the DNA sequences at random points to shorten processing
time. Consequently, the order of the fragments is unknown that generates an NP-complete
(non-deterministic polynomial time) computational problem. Shotgun technique is the
term used to describe this approach. Later, in 1988 Edwin Southern introduce sequencing
by hybridization (SBH) [22] approach in which very short DNA fragments are reads and
in order to assemble the original genome (typically a few hundred of nucleotides) a com-
putational algorithmic method is used. In application of algorithmic approach to SBH,
we must cite Iu. P. Lysov with his colleagues [10] and P. A. Pevzner [15] who formu-
late the genome assembly problem as finding a Hamiltonian path and an Eulerian path,
respectively. Second-generation sequencing or next-generation sequencing (NGS) devel-
oped a few decades after the Sanger sequencing method. Massively parallel sequencing is
a feature of the NGS technology, which provides extremely high throughput, scalability,
and speed. At relatively low cost NGS can produce a large number of short DNA reads
typically between 35 and 500 bp. The third-generation sequencing (TGS) started in the
2010s to produce reads longer than NGS without amplification where the graph theory
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layer of the algorithm solution is more or less the same.

One of the biggest data issues in bioinformatics is the de novo genome assembly,
which involves reconstructing a fresh genome from a collection of short reads where there
is no reference sequence available for alignment. A graph representation of the links
between the reads sharing similar prefixes and suffixes is a crucial tactic employed in
de novo assembly. Initially, greedy algorithms which aim for local optima were used
to find the order of the fragments; later the graph method algorithms which aim for
global optima were introduced with different values for k-mer (section of k consecutive
bases). In the graph method algorithms, the overlap-layout-consensus algorithm and
the de Bruijn graph algorithm are two main computational approaches for representing
overlaps between reads in de novo assembly. The overlap-layout-consensus algorithm is
an approach where each read is graphed as a node and edges are created between two
nodes if k — 1 size prefix of a left read node is equal to k — 1 size suffix of a right read
node. Here, the algorithm determines the Hamiltonian path through the graph. On
the other hand, the de Bruijn graph algorithm is based on k-mers methodology which
breaks the short reads into k-mers those represent as edges where nodes correspond to
either a k — 1 size prefix or a k — 1 size suffix of one of the k-mers, and then builds a
de Bruijn graph. Here, the algorithm determines Eulerian path through the graph. The
first stable overlap-layout-consensus assembler is introduced in 2000 [12] whereas the first
stable de Bruijn graph assembler is proposed in 2001 [16]. The de Bruijn graph assembler
typically performs better on large read sets than other assembler. In this connection, it
is important to mention that Idury and Waterman first developed the Eulerian approach
to genome assembly in [7] and the approach based on de Bruijn graph for paired end
reads is introduced by Medvedev et al. [11]. In our study, we include two de Bruijn graph
assemblers, Spades and Velvet, to measure their performance to genome assembly.

It is no doubt that the assembly of billions of short sequencing reads into a contiguous
genome is a formidable challenge. In spite of all difficulties de Bruijn graph structures are
the foundation of most well organized modern assembly software tools, they can handle
huge datasets with millions of reads. The Velvet algorithm [24] plays a major role in
this field. It is not just a powerful algorithm, but also based on this algorithm many
modern assemblers have been developed, for examples: IDBA, Spades, Soapdenovo2,
Megahit etc. [1,8,9,14]. In comparative studies, the de Bruijn graph-based assemblers
show efficient performance during handling extremely large datasets with relatively longer
read lengths (75bps), where the system requires relatively short runtime as well as short
memory space [2—4,21,25].

The remaining portions of the paper are arranged as follows. Section 2.1 describes
the simplest forms of a group of terminologies which are basic requirements to under-
stand as well as to run the Spades algorithm. The initial arrangement of computational
genome assembly on the Galaxy platform has been provided as well. Section 2.2 focuses
on the graphical concept of computational genome assembly. It gives a theoretical de-
scription of paired-end reads and concludes with a detailed discussion. Section 2.3 reveals
the basic understanding of the Velvet algorithm and describes the initial preparation of
computational genome assembly on the Galaxy platform. Different kinds of errors occur
during genome assembly, as explained in Section 2.4. Section 3 presents a computational
comparison of the considered experiment. Finally, in section 4, we draw our conclusion.
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2 The subject of genome assembly

2.1 Spades algorithm: Basic concept and preparation for computational
genome assembly

To understand the preparation for computational genome assembly at the initial situation,
we have to keep in mind the simplest forms of the following terminologies.

Shotgun sequencing: A method in which the genome is randomly divided into small
DNA fragments, each of which is then separated sequenced, as part of a laboratory
operation. A computer program searches for overlaps in the DNA sequences to reassemble
the fragments in the proper order to reconstruct the genome.

[lumina DNA sequencing instrument: Following the specific steps — steps of shotgun
sequencing — [llumina DNA sequencing instrument generates many millions of highly ac-
curate reads, the whole process is much faster and cheaper than other available sequencing
methods.

Coverage: The term coverage in NGS always describes a relation between sequence
reads and a whole genome (reference) unlike sequence depth which describes a total read
number. A technique for calculating genome coverage is the Lander/Waterman equation.
The equation is C' = %, where C' stands for coverage, GG is the haploid genome length,
L is the read length, N is the number of reads.

FASTS format: A FASTQ file format normally uses four lines per sequence (reads).
The @ character at the start of the first line is followed by the sequence ID (identifier).
The index sequences indicated by readl and read2 are contained in it. The second line
is the raw/base sequence letters. The third line begins with a + character where the
sequence ID is often omitted. The fourth line encodes the quality values for the base
sequence in the second line which are determined by the ASCII values of characters.

Scaffold: A section of the reference genome sequence known as a scaffold which is
built up using end-sequenced whole-genome shotgun clones. Contigs and gaps make up
scaffolds where a contig is a continuous length of known genomic sequence. Here, we have
to remember that one genomic sequence (chromosome) may be presented by one scaffold
or many scaffolds. Known sequence (read) and unknown sequence compose fragment and
during the alignment a gap occurs in between two contigs at the position of a fragment
of the not known sequence.

We now reach to an informational infrastructure where we can begin the computa-
tional preparation. For computational purpose, we choose Galaxy [26] — a web-based
scientific analysis platform. Our intention is that the overall computational genome as-
sembly step-result, performed on the Galaxy platform, is to be explained and examined
by the concept of the graph theory — basically by the de Bruijn graph.

To reach the objectives, we first consider a very fundamental genome assembly com-
putation using Spades; the latter we will use Velvet assembler. Using short DNA reads
from high-throughput sequencing, de novo assembly creates a whole genome sequence
without a reference. De novo assemblers include members like Spades that employ input
data from small read sets in which the de Bruijn graphs serve as the sole foundation for
the assembly process. For demonstration the genome assembly, we use a set of reads
from an imaginary staphylococcus aureus bacterium with a miniature genome (197394
bp). Using an [lumina DNA sequencing instrument, the whole genome shotgun tech-
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nique was used to sequence our mutant strain read set. Here, we want to rebuild our
reference genome (imaginary staphylococcus aureus bacterium) via a de novo assembly of
a short read set using the Spades assembler [6,28]. We collect the files, mutant_R1.fastq
and mutant_ R2.fastq, from Zenodo [27] for assembly. The reads are paired-end and each
read is 150 bases long. The genome coverage value is equal to 19, i.e., it describes that in
average 19x the genome sequence of the wildtype strain (reference sequence) is covered
by bases from the reads. We are aware that the term coverage refers to the ratio of the
total number of bases in the fragments to the total number of bases in the entire genome.

Now again, we have to keep in mind the simplest forms of the few more following
terminologies.

MDA (single-cell) data: Spades, a genome assembly algorithm, is intended for bac-
terial data sets with one or more cells. Compared to sequencing DNA isolated from
several cells, single cell sequencing (SCS) has an advantage. To maximize the accuracy
and quality of SCS, a consistent DNA amplification is needed where multiple displace-
ment amplification (MDA) is a method of DNA amplification. With this technique, it is
possible to quickly amplify incredibly small DNA sample amounts to a sufficient number
for genome analysis.

Read error correction: We start with a lengthy DNA sequence but are unable to
directly read it. The reason of that, we do sequencing in order to obtain numerous
random small pieces of DNA (reads). For widely used sequencing techniques, reads are
usually L ~ 35-400 bp long. Reconstructing the original sequence from the set of reads
is the assembly problem. Generally, we read length of L nucleotides from both ends of a
long DNA fragment, and this leads to paired-end reads (read pairs) where the distance
between them is known. Projects involving single-cell sequencing use MDA technology,
which creates non-uniform coverage. This means that a coverage threshold would throw
a lot of the genome away. Also not nearly identical is the insert size distribution. There
are just more errors as a result, along with many chimeric connections. To correct these
errors, we split reads into k-mers and examine the group of k-mers. It is simple to correct
reads if we know what k-mers are correct and how to correct others. Regular (multi-cell)
error correction allows us to determine the number of copies of a k-mer and presume that
rare k-mers are errors. However, in single-cell datasets this idea does not work due to
non-uniform coverage. Actually, we examine the collection of identical k-mers and choose
the nucleotides of the central k-mer which will be higher covered than others, but there
may be several centers in such a cluster. This idea, called BayesHammer correction is
used to correct single-cell datasets [1].

k-mers: Substrings taken into consideration in the read are k-mers.

Coverage cutoff: A subpart of the coverage that has a user-assigned value is called
the coverage cutoff.

Paired-end/Single reads: Self explanatory terminologies where paired-end reads have
a specific distance value between them.

We assemble the forward reads: mutant_R1.fastq and the reverse reads: mutant_
R2.fastq on the Galaxy platform by running Spades. Spades chooses at least 3 k-mer
sizes, one low, one medium and one high. We use auto option of 33, 55 and 91. All other
parameters either are in custom setting or select an auto option. As an examination
output, we get two fastq files of the resulting contigs and scaffolds, two files for statistics
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about these, and Spades logfile. In the output, the short reads are assembled into much
longer contigs. The stats file provides information about the length of each of the contigs.
Now, let us look at the mechanical framework for assembling genomes from a graphical
perspective before delving into further discussions about the computational results. We
mainly confine ourselves to the de Bruijn graph presentation of the k-mer set of reads
using the overlap-layout-consensus approach. In order to integrate science, technology,
and mathematics, we use different terminologies to consider a DNA sequence at different
positions.

2.2 Graphical approach of computational genome assembly

Multiple copies of a genome are broken in different places during DNA sequencing in
order to produce short reads. After that, utilizing overlapping, the reads are sequenced
and assembled into the genome’s nucleotide sequence. As the short reads, k-mers, often
have the same length, we can assume that reads are all k-mers for specific value of k.
Additionally, if the same strand is used for all reads, have no errors, and show flawless
coverage, then every k-mer substring of the genome can perfectly act as read. In con-
sidering a string text TATCCCCTCG as an example, we get the following list of 3-mers in
lexicographic order:
{ATC, CCC, CCC, CCT, CTC, TAT, TCC, TCG}

We arrange reads in lexicographic order because, at the time of generating reads, the
correct order of them is unknown.

In the computational problem of modeling genome assembly, the reference string is
reconstructed from k-mers. To solve the string reconstruction problem, we connect a
pair of k-mers if they overlap in £ — 1 symbols. In the graphical presentation of genome
assembly in Fig.1, in each row two symbols are overlapped with the previous row and

T |[A|T
A |T |C
T |[C |C
cC |C |C
c |C |C
c |C |T
cC |T |C
T |C |G

Figure 1: Top: Solution to the string reconstruction problem. Bottom: Genome path
solution to the string reconstruction problem.



Vol. 60 (2024) A Study of Computational Genome Assembly 7

all bold symbols are attached one by one to construct the reference genome. In this
method, arranging the order of k-mers is not easy. Without following a specific trick,
it is very difficult to solve the string reconstruction problem because repeated k-mers
complicate genome assembly. With millions of reads, repeated substrings in the genome
are a severe issue where repeats make it challenging to plan ahead and put the right
assembly together. To overcome this difficulty, we find out the genome path in the graph
presentation of k-mers (see the bottom presentation in Fig.1).

If the suffix of a pattern matches the prefix of another pattern, we can use an arrow
to connect any k-mer pattern to a k-mer pattern in the string’s genomic path. From
this graphical presentation our task to find out the Hamiltonian path which is the path
representing the correct assembly. It is not possible to know the reference genome in
advance, and when we connect all consecutive 3-mers according to the rule, its represen-
tation becomes complicated. It becomes more complicated in the arrangement of 3-mers
lexicographically which results in the overlap graph displayed in Fig.2. In this presenta-
tion, the correct assembly is harder to see. In order to resolve the string reconstruction
issue, we must locate a path in the overlap graph that visits each node precisely once;
it is the character of Hamiltonian path. However, as the Hamiltonian path optimization
problem is NP-hard, we often face a problem to find out a Hamiltonian path in a huge
graph or even it is absolutely unclear whether such path exists! Consequently, instead of
searching for Hamiltonian paths in huge graph we are generally interested in a de Bruijn
development — a graph representation of a k-mer composition in an entirely different
approach.

In the de Bruijn graph presentation, instead of assigning k-mers to the nodes we
assign them to edges as shown in Fig.3 for 3-mers. It is obvious that by taking this route
from left to right and adding a new nucleotide at each step, we can recreate the genome.
Nodes are (k — 1)-mers, where an arrow connects any (k — 1)-mer prefix pattern to a

Figure 2: Top: Actual graphical presentation of 3-mers. The genome be identified by
walking along the horizontal edges from TAT to TCG, which is nothing but the Hamiltonian
path of this graphical presentation. Bottom: Graphical presentation of 3-mers ordered
lexicographically. Our task is to find out the Hamiltonian path from this graphical
presentation.
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° TAT ATC TCC ccc ccc e ccT CTC TCG @

Figure 3: Top: Genome path representation. Edges are 3-mers, connecting nodes of
2-mers with exact suffix-prefix overlap. Bottom: The de Bruijn graph of string text
TATCCCCTCG.

Tce cce
© &=
TAT/4 a
(=) @)

TAT
/ ao\ Tee ! ccc; cce ! w\@

Figure 4: Top: Isolated 3-mers presentation. Bottom: Ordering the sequence of 3-mers
by gluing the identically labelled nodes of 2-mers.

(k — 1)-mer suffix pattern. The common node is labelled by the overlapping nucleotides
of the suffix pattern of left edge and prefix pattern of the right edge.

Next, for size reduction of graphical presentation we glue the three CC nodes and the
two TC nodes into a single node and doing so we get two loops connecting CC to itself.
The obtained graph is called the de Bruijn graph of the considering string text. After
gluing, the straight path has now become tangled, and to solve the string reconstruction
problem our task is to find out a path in de Bruijn graph that visits every edge exactly
once and we know that which is characteristic of Eulerian path, indicated in the bottom
representation in Fig.3.
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C|G|A T|C|C
G|A|T c|c|C
AT |T cC|C|T
T/IA|T|C|C|C|C|T|C|G|A|T|T|C|C|C|T

TAT ATC TCC cce cee ccT cTC Tce coA GAT AT

3 cce a ccT a cTc e TCcG cGA GAT ATT TTC Tce cce cer

1 2 3 4 8 5 @ 6 a 7 a 8 a 9 @ 10 1
Figure 5: Top: Solution to the string reconstruction problem for (3,1)-mers presenta-

tion. Bottom: Genome path solution to the string reconstruction problem for (3,1)-mers
presentation.

Here, a question likely arises: Can we determine the genome order of k-mers in graph-
ical presentation? We do not know the order of k-mers in advance. However, gluing all
identically labelled nodes undoubtedly gives us a clue about the genome order of k-mers,
as shown in Fig.4. Thus, in de Bruijn presentation, it is possible to avoid the complicated
lexicographical presentation of list of k-mers. But, the de Bruijn graph is not hard to
draw on the arrangement of k-mers lexicographically.

Now, the discussion of genome assembly is changed from reads to read-pairs that help
us to appreciate as well as to understand the sophisticated techniques used by modern
assemblers. Practically, we face the long repeats, but random strings are not expected
to have long repeats and hence it is a simple task to assemble the reads that have been
sampled from a randomly produced text. It is not difficult to show that the de Bruijn
graph becomes less and less tangled with an increase of read length and when the read
length exceeds the length of all repeats in a genome, the de Bruijn graph naturally turns
into a path. Undoubtedly, the increasing read length helps us to identify the correct
assembly, and according to biologist suggestion by using the read-pairs methodology,
read length is indirectly increased, in which read-pairs are pairs of reads separated by a
fixed distance d in the genome. A read-pair can be thought of as a lengthy gapped read
with a length of £ 4+ d 4+ k in which we know the first and last k-mers whereas unknown
is the middle segment of length d.

A (k,d) in a paired composition is a pair of k-mers in text (genome) that are sepa-
rated by d. We use the symbol (pattern, |pattern,) to refer to a (k, d)-mer where k-mers
are pattern; and pattern,. The Fig.5 represents the genome for the (3,1)-mers in the
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112(3(4(5(6|7 8|9 |10/ 11[12[13 11234 |5|6|7|8/|9]10] 111213
AlG A|lG A|G A|G
G|C G|C G|C G|C
C|A C|T cC|T cC|T
A|G T|G T|G T|G
G|C G|C G|C G|C
C|T C|T C|A cC|T
T|G T|G A|G T|G
G|C G|C G|C G|C
C|T C|A cC|T C|A
A|G|C|A|G|C|T|G|C|T|G|C|A A|G|C|?|G|C|?|G|C|T|G|C|A

CA

Craph of Ky Graph of K3

Figure 6: Top: A presentation of paired de Bruijn graph for a collection of nine (2, 1)-mers.
Middle: The inadequacy of the right-side arrangement in solving the string reconstruction
problem. Bottom: The forms of bidirectional bipartite graph within the de Bruijn graph
representation of the 2-mer set of reads.

paired composition of our another example of reference genome TATCCCCTCGATTCCCT.
Each identical column represents the each symbol of the genome. Here, we get two iden-
tical nodes AT|CC, and thus paired de Bruijn graph is formed by gluing those identically
labelled nodes in the genome path in which arrows are drawn according to the previous
suffix-prefix rule. In this de Bruijn network, the genome can be reassembled by taking
an Fulerian path.

We have seen that an Eulerian path is always a solution to the string reconstruction
problem in the de Bruijn graph building from k-mer composition. Therefore, it would
be expected that in the paired de Bruijn graph created from a (k,d)-mer composition,
each solution to the string reconstruction from read-paired problem corresponds to an
Eulerian path. However, this is not true in all possible situations. We consider an example
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of de Bruijn representation [5], shown in Fig.6, in which two Eulerian paths of (2, 1)-mers

are present : (AGIAG) — (GCIGC) = (CAICT) = (AGITG) = (GCIGC) > (CTICT) >

(TGITG) 5 (GCIGC) > (CTICA), and another Eulerian path is (AGIAG) = (GCIGC) =
(calcT) 2 (TGITG) 5 (GCIGC) 2> (CAICT) % (AGITG) 5 (GCIGC) 2> (CTICA). Here, we
notice that the second Eulerian path in the paired de Bruijn graph constructed from a
(2, 1)-mer composition does not spell out a solution to the string reconstruction from the
read-pairs problem (see the middle presentation in Fig.6). In the figure presentation, the
dissimilar nucleotides in a specific column are shown in different colors.

Thus, there is no doubt that the investigation of the specific structure of the de Bruijn
graph is crucial in the string reconstruction problem. Here, the class of the bidirectional
bipartite graph f(mn in the de Bruijn representation of the k-mer set of reads can play a
vital role in understanding how it extends an Eulerian path that spells out a solution to
the string reconstruction from the read-pairs problem. The bidirectional bipartite graph
is a special type of bipartite graph; in such a graph, edges have directionality, but there
are edges connecting vertices in both directions, allowing for movement or traversal in
both directions between connected vertices. In mathematics, the term verter is used
instead of node. We start with the pure de Bruijn representation of the graph f(2,2 for
the 2-mer set of reads (see the left side bottom presentation in Fig.6). For each vertex
as the starting nucleotide, we get 4 Eulerian paths, i.e., a total 16 Eulerian paths out

of 8 edges. For every distinct Eulerian path in the graph, there is a unique 9 bp read

associated with it. As for example, the Eulerian path: (A) 2 (C) =, (G) =, (C) 2,

M) 515 @) S (1) 2 () does spell out the read ACGCATGTA. Prominently, each
Eulerian path for a set of single reads can spell out a specific long contig if using the de
Bruijn representation approach we are able to construct such graph architecture by the
read set.

Now, a question can arise: On the same graph structure f(g’g, can we reconstruct 9 bp
reads using these Eulerian paths, considering eight (2, 1)-mers? The answer is that none
of these 16 Eulerian paths spells out any 9 bp read. However, parts of these Eulerian
paths where the Hamiltonian condition is also satisfied can spell out shorter reads than the

previous ones. As for example, following path: (A|C) Acich, (Cla) RLLIN (GIT) sers, (ClG)
does spell out maximum 7 bp read ACGCATG which is a subread of the read of above
example, where the nodes of the path are the 4 different vertices of eight (2,1)-mers
presentation of the graph K. 2.2. Ultimately, a query may come up in order to establish an
observation rule: On what patterned nodes of an Eulerian path in the (k, d)-mers graphic
configuration, can spell out a read? Here we set a firm rule in such a way that an Eulerian
path can spell out a read, if the upper (k—1)-strings of the nodes can spell out the forward
subread of length, (the reconstructed read length)-(k + d), starting from the 1% position
of the reconstructed read, while the lower (k — 1)-strings of the nodes can simultaneously
spell out the reverse subread of length, (the reconstructed read length)-(k + d), starting
from the (k + d + 1)™ position of the reconstructed read.

It is clearly visible that the graph presentation of IN(Q,;; is not pure de Bruijn approach
and to get the de Bruijn representation, we must glue C and (), vertices as they represent
same cytosine nucleotide at different positions (see the right side bottom presentation in
Fig.6). However, as the glue vertex decreases the reconstruction length of a DNA sequence
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in a pair-read structure, we can conclude that in such situation in genome assembly the
graph architecture of f(mm class is more effective than the pure de Bruijn approach.
Obviously, the presentations are identical with different vertices. We notice that in [N(273,
for ever different 48 Eulerian path can spell out maximum 48 different DNA sequences
or exactly its 48 subsequences. To get the answer to another question: How many
Eulerian paths can we get in the bidirectional bipartite graph f(m’n?, here we mention
the following new formula which helps us to determine the number of Eulerian paths:
mn("Cy x "71Cy X ... x1C) +mn(mCy x ™10y x ... x 1C}). The formula can easily
be verified through the mathematical induction procedure.

In reality, prominent repeats make it impossible for biologists to deduce a specific
Eulerian path and due to gaps in k-mer coverage, the search for an Eulerian path often
fails. These two reasons lead us to the position where we are forced to break the genome
into contigs. However, into a final assembly the cost of ordering the contigs and closing
the gaps by utilizing a more expensive experimental method is frequently disallowed.
From the de Bruijn graph, we can derive contigs in the sense that contig corresponds
to strings spelled by maximal non-branching paths in the de Bruijn graph. And, if
indegree(v) = outdegree(v) = 1 for each intermediate node v of a path in a graph, the
path is said to be non-branching. The term maximal is used if it is not possible to extend
the path into a more longer non-branching path. As example, the de Bruijn graph in
Fig.3, constructed for the 3-mer composition of TATCCCCTCG, has seven maximal non-
branching paths that spell out the contigs: TATC(:TA — AT — TC), TCC(:TC — CC),
CCC(:CC — CC), CCC(:CC — CC), CCT(:CC — CT), CTC(:CT — TC), TCG(:TC — CG).
This procedure is mentioned as the mapping of reads to contigs by backtracking graph
simplifications.

Next, we define some new computational terminologies those are applied to calculate
accurate distances between k-mers in the genome. The distance measures by the number
of edges in the assembly graph. We see that a vertex v in a graph G is referred to as a hub
if either indegree(v) # 1 or outdegree(v) # 1. A directed path in G is said to be a h-path
(hub-path) if it has hubs at the beginning and finish and non-hub vertices in the middle.
Each h-path’s first edge, known as the h-edge, is specific to that h-path. If the h-path
starts at «, the length of the h-path is shown by the expression |PATH(«)|. Here, the
normal convention is that if @ is the i-th edge in a h-path, H-EDGE(a) and OFFSET(a)
are set to a and i, respectively. In the presentation of de Bruijn graph as DB(READS,
k), k-mers occur in strings in READS as substrings (a string of length k: (a1, as, .....ax)),
where an h-path passing through n vertices (a1, ag, .....ax_1) — (ag, as, .....ax) — ......... —
(Gpy @pi1y oee@pyg—2) defines an (n + k — 2)-mer (aq, ag, .....a4x—2) called a h-read (hub-
read). The graph structure leads to a condensed de Bruijn graph substituting every
h-path in DB(READS, k) by a single edge labelled by its h-read.

Clearly, breaking reads into k-mers affects the construction of the de Bruijn graphs.
The chance that the k-mer coverage is flawless increases as the value of k decreases, but
more repeats are produced by smaller values of k, making the graph more tangled de
Bruijn graph and consequently it is difficult to infer the genome from this graph. On the
other hand, in the low coverage regions the larger value of k may fail to detect overlaps
between reads, making the graph more fragmented. Since low coverage regions are typ-
ically for SCS data, small values of k are used there generally to reduce fragmentation;
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Figure 7: The perfect coverage of a circular genome by 4-mers in DB(READS, 3,4). The
low coverage region is defined in the sense that the three 4-mers are missing in the graph
DB(READS, 4), as shown in color. The three h-paths of length 2 in graph DB(READS,
3) correspond to h-reads of the three missing 4-mers. Collectively, in multisized de Bruijn
graph, all 4-mers from the genome are present.

and to reduced tangled, large values of k are used in high coverage regions. According to
our requirement, we are able to vary values of k in the construction of the multisized de
Bruijn graph DB(READS, k — §, k), provided a positive integer § < k. In particular, in
low coverage regions h-reads of de Bruijn graph of k — d-mer composition participate to
constructed of de Bruijn graph of k-mer composition. Bankevich et al. [1] point out an
example in which in low coverage region a circular genome CATCAGATAGGA constructs a
tangled de Bruijn graph DB(READS, 3), a fragmented de Bruijn graph DB(READS, 4)
whereas on the same graphical construction the multisized de Bruijn graph BD(READS,
3,4) is neither tangled nor fragmented (see the Fig.7).

A bimer is a triple (a|b, d) in the paired de Bruijn graphs that consists of the k-mers a
and b along with an integer d that calculates the separation between specific instances of
a and b in a genome. The k-bimer adjusted approach transfers the inexact distance esti-
mates of the k-bimer set to the exact or nearly exact distance estimates of an adjusted k-
bimer set. We get an adjusted k-bimer set E(A(H (B(BIREADS)))) by applying the four
transformations one by one to the initial set of bireads BIREADS [1]. Bireads are split
into k-bimers by the B-transformation in the Spades algorithm. H-transformation shifts
a biedge (alb,d) to an h-biedge H(al|b,d) = (H-EDGE(a)/H-EDGE(b), D) where D =
d+ OFFSET(a) — OFFSET(b). An h-biedge histogram («|f, *) is generated by applying
H-transformation to various biedges (a|b, d) with a € PATH(«) and b € PATH(5). The
operation A(«|f,*) transforms the histogram into a single adjusted h-biedge (|3, D) (if
the histogram only has one peak ) or a few adjusted h-biedge (if several peaks are present).
E-transformation transforms an h-biedge (|8, D) to E(«|fB, D) as the set of all biedges
(alb,d) such that a € PATH(«), b € PATH(5) and d + OFFSET(a) — OFFSET(b) = D,

and in such approach revealing k-mers with an exact distance (or nearly exact distance
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estimate) make the construction of paired de Bruijn graphs practical.

Following Bankevich et al. [1], we consider a circular 24 bp genome ACGTCAAGTTCT
GACGTGGGTTCT for construction of paired assembly graph of bireads sampled. The tab-
ulated solution to the string reconstruction problem through path representation of the
edge patterns of the de Bruijn graph DB(READS, 4) has been shown in Fig.8. The
six h-paths in the order of Py, Fs, Py, Py, P, Ps, P», Py (P, and P, represent repeats)
passes through the graph structure in the way that 4-mer composition spells out the
genome, where P; : ACGT, P, : GTTCT, P3; : TCTACG, P, : TCTGACG, Ps : CGTGGGTT,
Ps : CGTCAAGTT. The number of rows occupied by a specific path is equal to the length
of that path in the representation of the tabulated form. The graph has four hubs:
ACG,CGT,GTT,TCT. First four nucleotides of each path P; represents each h-edge «;. In
bireads sampled, reads are paired with separation d = 5 (distance between the first nu-
cleotides of the bireads), and thus we can define 13 h-biedges (a;|a;, D) those are listed
as: Ry = (oag, 1), Re = (ag]ae,0), Ry = (ag|ag,6), Ry = (aglay,8), Rs = (asz|ay, 2),
RG = (Oég’Oél,G), R7 = (Oé4|0[5,5), Rg = (a1|a5,1), Rg = (Oé5|0é2,5>, RIO = (CM5|O&3,7),
Ry1 = (as|aq, b), Ria = (ae|ag, 6), Ri3 = (as|ags, 4). Each of h-biedge corresponds to a set
of biedges, as for examples: E(ag|ag,6) = {(GTCA|GTTC, 5), (TCAA|TTCT, 5)}, E(ag|ay,8) =
{(CAAG|TCTG, 5), (AAGT|CTGA, 5), (AGTT|TGAC, 5)} in which START(FIRST (ag|a,8)) =
START(CAAG|TCTG,5) = (CAA|TCT) and END(LAST(ag|as,8)) = END(AGTT|TGAC, 5) =
(GTT|GAC). It is obvious that there are less h-biedges than there are biedges. At that
stage of assembling genomes using a set of exact h-biedges HBE, the h-biedges graph for
a graph G is constructed directly as follows:

e Create a baseline graph Gy on 2|HBE|. For each h-biedge («|5, D) € HBE, intro-
duce two new vertices u = START(FIRST («|8, D)),v = END(LAST(«|$, D)) and
form an edge u — v. Label the resulting edge by (a3, D)).

e If two GGy vertices have the same label, they should be joined.

According to these rules here we get following h- biedges graph (ACG|AAG) i

(CGT|AGT) (GTC|GTT) % (caAlTeT) 2 (6TT|GAC) 22 (TTC|ACG) £ (TeT|ceT) L

(Acg|GeT) 22 (ceT|eTT) £ (TGa|TeT) 2 (6TT|ACG) & (6TT|CeT) 222 (TeT|aTe) 2
(ACG|AAG). Each edge with vertices can be graphically presented. As, for example, the
rectangle diagram of h-biedge (cg|auy, 8) is a rectangle (R4) with sides Ps and P, and 45°
line segment y = x + (d — D) = = — 3 from (3,0) to (6,3) (see the bottom figure in
Fig.8). On the other hand, in case of assembling genomes using inexact h-biedges in the
sense of inexact distance D, the constructed 45° line shifts as compared to the correct
45° line to y = 2+ d — D + 6 (where ¢ is an error in D). Consequently, both u and
v vertices are labelled by two different sets of bivertices where gluing is applied to all
bivertices in these two sets. On the concept of gluing vertices together whenever they
share at least one label, we modify the above two assembling rules to address the inexact
distance complication [1].

R13



Vol. 60 (2024) A Study of Computational Genome Assembly 15

1123 |4|5[6 |7 (8|9 |10]11]12| 13| 14| 15| 16| 17| 18| 19| 20| 21| 22| 23 | 24
AlC|G|T|C|A|A|G|T|T|C|T|G|A|C|G|T|G|G|G|T|T|C|T
AlC|G]|T
C|G|T|C|A|A|G|T|T
C|G|T|C|A|A|G|T|T
C|G|T|C|A|A|G|T|T
ClG|T|C|A|A|G|T|T
clG|T|Cc|A|lA|G|T|T
clG|T|Cc|A|A|G|T|T
G|T|T|C|T
G|T|T|c|T
T|c|T|G|A|C|G
T|c|T|G|A|C|G
T|c|T|G|A|C|G
T|c|T|G|A|C|G
AlC|G|T
cleg|T|G|G|G|T|T
cleg|T|G|G|G|T|T
cC|G|T|G|G|G|T|T
cC|G|T|G|G|G|T|T
cC|G|T|G|G|G|T|T
G|T|T|C|T
G|T|T|C |T
Alc|c Tlc|T
AlC|G T|C|T
AlC|G T|C|T
g
ACG 4
L (GTT|GAC)
Ry = (aglay, 8)
TGA 2 1?_2
Ry:y=x+(5-8=x-3
CTG—1
(CAA[TCT) @y
TCT—6
0 2 3 4 § 6
CGT GTC TCA CAA AAG AGT GTT

Figure 8: Top: The tabulated solution to the string reconstruction problem through path
representation of the edge patterns of the de Bruijn graph DB(READS, 4), where reads
are shown in color. Bottom: The rectangle diagram of h-biedge (cg|au,8).
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2.3 Velvet algorithm: Basic concept and preparation for computational
genome assembly

We are now in the position where we perform the same previous experiment on the
Galaxy platform by using Velvet assembler. Our intension is to rebuild the imaginary
staphylococcus aureus bacterium via de novo assembly of a short read set. Velvet al-
gorithm has been designed to deal short read sequencing alignments where the task is
completed through the manipulation of de Bruijn graph for genomic sequence assembly
via the removal of errors and the simplification of repeated regions. We import the files
mutant_R1.fastq, mutant_R2.fastq and wildtype.fna from Zenodo data library [6] for as-
sembly, where clicking on the eye icon one can view the content of data sets in the central
panel. We already mentioned the key features of fastq file in which fourth line informs the
quality of sequencing per nucleotide. Two files are imported here because the bacteria
(reference genome) is sequenced using paired-end sequencing. Between the two files, the
first file corresponds to forward reads and the second file to reverse reads.

Before doing any assembly, we evaluate the input reads using FastQQC tool. Running
through a standard series of tests on read set, this tool returns a relatively easy-to-
interpret report. The obtained result is used to understand the quality of our fastq
files, and with help of MultiQC tool, we get an aggregate outcome of the all results.
On the FastQC framework, we use raw data from our current history: mutant_R1.fastq
and mutant_R2.fastq, those are selected by clicking on the Multiple datasets icon. Next,
MultiQC framework uses all raw data files generated by FastQC. On both datasets,
MultiQC creates a webpage combining reports for FastQC. From this combining report,
we check the length of the sequence, set maximum k-mer size for an assembly, and
determine the average coverage of the genome. In our case, L = 150 bp is the read
length, G = 197394 bp is the haploid genome length, N = 2 x 12480 is the number of
reads having 150 bp, so the average genome coverage is % = % or approximately
19x coverage. The combining report also presents sequence quality histogram, where y-
axis of mean quality score represents the quality score for each base, simply it is an
estimate of the error during sequencing. We notice that the quality score is decreasing
across the length of the reads because the sequence GC content, per base nitrogen content
and recurring k-mers in reads may point to a poor quality sequencing run.

After evaluating the input reads, now we have appeared on an informational infras-
tructure where we want to assemble our reads to find the sequence of the imaginary
staphylococcus aureus bacterium. In the first step of a de novo assembly, assembler
breaks our reads into k-mers and builds a de Bruijn graph. Here, it is essential to as-
sign a value of k (k-mer size) for the assembly process. We have already noted small
k-mers yield greater connectivity, whereas large k-mers yield better specificity. In the
current situation, we have two files of pair-end reads, but Velvet deals with only one
file where each read is next to its mate read. Before doing assembly, we combine them
using FASTQ-interlacer tool, in which Types-of-paired-end-datasets parameter takes the
character of 2 separate datasets, Left-hand-mates is specified by file mutant_R1.fastq and
Right-hand-mates is specified by file mutant_R2.fastq. In the single file if two reads have
a /1 and a /2 ending, the /1 read is used as the left-hand read and the /2 read as the
right-hand read.

Velveth tool takes outputs of FASTQ-interlacer and break them in k-mers. For assem-
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bly, we have to set the hash length, also known as k-mer length. Take hash length equal
to 29. Here, hash length must be an odd number, below or equal to MAXKMERHASH
and strictly inferior to read length. Velvet works mainly with short reads having a fastq
format where we select single ended for Choose-the-input-type parameter. Two output
files are generated, Sequences and Roadmaps, which are necessary to Velvetg.

Velvetg tool actually does the assembly. The outputs of Velveth are used for Velvet-
dataset parameter, and Using-paired-reads parameter takes the option yes. Along with
other files, two important files are generated: the contigs.fa file and stats.txt file. Se-
quences of contigs greater than 2k, where k is the word length used in Velveth, are
contained in the contigs file; and on the other hand stats file is a simple tabbed-delimited
description of the nodes.

2.4 Types of error corrections

As a whole the system recognizes the following errors:

Bubbles: Error-prone reads create a barrier to real sequencing projects those are
appeared in the structure where two short disjoint paths connecting the same pair of
nodes in the de Bruijn graph. One path of them spells out the correct read and another
representing the erroneous read. This structure is called a bubble. In the structure of a
correct path along with an incorrect path, it is difficult to identify which path is correct.
A de Bruijn graph may present many bubbles. Bubble removal algorithm, i.e., Tour Bus
algorithm in general leaves only the correct path, but occasionally it removes the correct
path too, thus introducing error rather than fixing them.

Tips: A node is considered as a tip and should be erased when it has the following
characters such that it is disconnected on one of its ends, i.e., one end having total
degree one, it stores the length of information shorter than 2k and the arc leading to this
node has a low multiplicity (i.e., low appearing frequency) and consequently it cannot be
compared to other alternative path. We simply say that a tip results from a single error
close to the end of a read. We get a simplified graph for removed of these errors.

Erroneous connections: This type of error is created when a connection does not
generate recognizable structure within the graph. To remove the error we have to specify
a simple coverage cut-off value.

Bulge: A bulge occurs when the error — due to miscalled bases and indels — is in the
middle of a read. It also arises from small variation between repeats in the genome.

Chimeric: A chimeric error occurs when a connection joins two unrelated parts of the
graphs. Basically, it is part of erroneous connections.

Isolated h-paths: It may be considered as a part of an erroneous connection. As
isolated h-paths are topologically distinct from other errors, thus it is removed after all
other graph simplification procedures.

In order to deal with error in reads, we generally follow two ways: error correc-
tion in reads and bulge/bubble removal in de Bruijn graphs. However, Spades use the
bulge corremoval procedure which stands for bulge correction and removal, where Spades
assembler records information about removed edges from bulge for later use before dis-
carding them. Following and assigning the specific conditions, Spades gradually remove
low coverage h-paths occurring from sequencing errors and chimeric reads but not from
repeats.
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3 Comparative study of outcomes

On the Velvet framework, we observe that sequences of contigs longer than 2k are con-
tained in a contigs file. The header of a contigs file provides the information about the
k-mer length (called length) and k-mer coverage (called coverage). If the value k is chosen
in assembly, then the length (k-mer length) is a measure of how many k-mers overlap
to give this length of target contig and the coverage (k-mer coverage) is a measure of
how many k-mers overlap each base position. In our setting 222 contigs are built. To
compute the information about mean, minimum, and maximum length of the contigs, we
use the Datamash tool on the second column of stats file, where we choose yes option for
Input-file-has-a-header-line parameter. According to outcomes, we obtain 505.39 as mean
length of contigs, 1 as minimum length of contigs, and 8836 as the maximum length of
contigs. In stats file, the second column corresponds to the length of the contig in k-mers,
i.e., in order to obtain the real length of each of them, we need to add k — 1 = 28 to each
length. Thus, we obtain a mean contig length of 533.39 bp, a minimum contig of 29 bp
and a maximum contig of 8864 bp.

To collect more basic statistics on our assembly, we use Quast tool. We execute the
operation with the following choices of parameters such that, Contigs/Scaffolds-file: Con-
tigs, Types-of-assembly: Genome, Use-a-reference-genome?: Yes, Reference-genome: wild-
type.fna, Generate-Circos-plot: Yes, Type-of-organism: Prokaryotes, Lower-threshold-for-
a contig-length: 500, Comma-separated-list-of-contig-length-thresholds: 0,1000, and for
choices of other parameters keep in their default settings. Among the various output
files, we focus on the PDF report, where Lcarus is a cutting-edge genome visualizer for
precise evaluation and analysis of genomic draft assemblies. To assess the quality of the
assembly here many statistics are computed by Quast tool. The proportion of aligned
nucleotides in the reference genome is represented by the metric genome fraction (%).
It is effectively a measure of what proportion of our reference genome appeared in the
assembly. We see that the genome fraction (%) takes the value 87.313. The ratio of
aligned bases in the assembly to aligned bases in the reference genome is known as the
duplication ratio. The value of duplication ratio is equal to 1.001 which is expected for
the high value of the genome fraction (%). We note that only 53 contigs have a length
greater than 500 bp, among them 43 contigs having a length greater than 1000 bp. Here, 1
misassembly event (breaking point) has been found, and it is corresponding to relocation,
i.e., the left flanking sequence aligns over 1 kbp away from the right flanking sequence
on the reference genome, and both flanking sequences align on the same chromosome.
Misassembled contigs are the number of contigs those contain misassembly events. We
observe 1 misassembled contig of length of 5823 bp. In the report, 8.11 mismatches per
100 kbp and 4.06 indels per 100 kbp are found where an insertion or deletion of bases
in an organism’s genome is referred to as an indel in molecular biology. Also, the report
confirms that GC (%) equal to 33.64% and reference GC (%) equal to 33.43% are almost
similar to each other. By dividing the total number of G and C nucleotides in the as-
sembly by its overall length, we get the value of GC (%). The metric N50 is the length
for which all contigs of that length or longer together cover at least half of an assembly,
whereas the number of contigs equivalent to or longer than N50 is the measure L50; al-
ternatively stated, L.50 is the bare minimum of contigs needed to cover half the assembly.
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Here, the total length of the assembly is 172665 bp and the reference length is 197394
bp, and we see that N50 takes the value 5059 bp whereas L50 is equal to 14. Through
plot descriptions, the outcome report also provides distribution information about the
metrics such as Nx, NAx, NGx, NGAx, the cumulative length of aligned contigs, the GC
content etc.

In view of comparative study, we now measure the performance of the much more ad-
vanced assembler Spades. Basically, like Velvet, Spades goes through a process in which
it uses and simplifies de Bruijn graphs, but it employs several k-mer size values and
combines the resulting graph. This combination procedure makes Spades an advanced
assembler. Here, we use metaSPAdes tool because metagenomics has emerged as a tech-
nology of choice for analyzing bacterial populations. On the metaSPAdes framework,
in our setting 9 contigs are built. We obtain a mean contig length of 19951.44 bp, a
minimum contig of 57 bp and a maximum contig of 132140 bp. As before, under the
same setting to collect more basic statistics on our assembly we use Quast tool. Here, a
value of genome fraction (%) equal to 91.301 and a value of duplication ration equal to
1.001 are found. We note that 6 contigs have a length greater than 500 bp, among them
4 contigs having a length greater than 1000 bp. On the other hand, 3 misassembly events
(break points) have been found and it is corresponding to 1 relocation and 2 inversions.
A misassembly event (breakpoint) is inversion where the flanking sequences align on op-
posite strands of the same chromosome. We observe 1 misassembled contig of length of
132140 bp. In the report, 7.83 mismatches per 100 kbp and 3.91 indels per 100 kbp are
found. Also, the report confirms that GC (%) equal to 33.60% and reference GC (%)
equal to 33.43%, i.e., the values are almost similar to each other. Here, the total length
of the assembly is 178912 bp where the reference length is 197394 bp, and we see that as
N50 takes the value 132140 bp, thus L50 is obviously equal to 1. Clearly, for each of the
possible cases, we get better results than the Velvet assembler.

A summary has been set up in Fig.9 to compare the results produced by Velvet and
Spades, the two assemblers. We see that in stats file the lengths of the contigs are given
in k-mers, and we know how to calculate the real k-mer lengths of contigs. However,
the k-mer lengths of contigs alone cannot be used to properly compute the actual length
of contigs in genome assembly. The k-mer length is intended to show the size of the
overlapping subsequences used in the assembly process, not the actual length of the con-
tigs in base pairs. Typically, we would need further information to determine the actual
length of contigs, such as the average coverage depth or the entire size of the assem-
bled genome. The following formula can be used to predict the actual length of contigs

if we know the expected size of the genome we are assembling: Actual contig length =
Contig length
k-mer length
coverage depth of our sequencing data, we can apply the following method to determine
Contig length
k-mer length

On the same set up, we consider the Circos plot presentation to demonstrate that
Spades is a superior assembler over Velvet. In genomics, a circular visualization tech-
nique called a Circos plot is used to show and examine complex interactions between
genetic components. Knowing the contig and coverage details, including as the lengths,
orientations, and orders of individual contigs within the assembled genome, as well as the
depth of sequencing coverage for each contig, is necessary to create a Circos plot. Here,

x Genome size, and on the other hand, if we have knowledge of the average

the actual length of contigs: Actual contig length = x Coverage depth.
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Figure 9: A comparative presentation of the outcomes
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the assembled genome is represented by the inner circle, while the reference genome is
represented by the outermost circle. In order to find changes and differences in the assem-
bled genome, the reference genome is used as a baseline for comparison. Gaps or breaks
in the inner circle indicate regions where the genome assembler was unable to confidently
determine the sequence. Regions with higher or lower sequencing coverage are highlighted
by variations in color intensity in the coverage circle, which indicate potential assembly
errors or areas of interest. To provide more precise information on particular genomic
elements, like genes or known functional areas, annotations and labels are added to the
graphic.

4 Conclusion

In the present study, we covered a number of topics of interest pertaining to genome
assembly in the real world. In fact, there are currently no technologies available to
determine the complete genomes. The complexity of this problem can be quite high which
can be readily comprehensible when we compare the sizes of reads having few hundred
nucleotides with the full genomes which typically contain from a few to thousands of
millions of nucleotides. Apart from the size of the genome, the following factors make
genome assembly as a very complex problem:

e There are two complimentary strands in DNA molecules and there is no way to tell
that the taken fragment is part of the which strand.

e Most of reads are associated with inherent error because all types of genome se-
quencing equipments have relatively high error rates. Consequently, there are few
situations the obtained fragment can be different from the original sequence.

e Some genomic regions make sequencing extremely challenging or even impossible
and as a result the regions are not covered by any reads.

e In the repeated regions, it may be a complex task to identify real bubbles. The
genome could have a lot of repetitive regions which is a portion of the genome that
may make up 50% of the total.

e According to the results of the used algorithms, the order of the contigs is unknown.

In the face of such difficulties, a common belief is that to make this process easier one
procedure is to sequence the same genome using different technologies based on particular
science and mathematical theories, and in order to get the final single genome try to
combine their results [18].

Here, we provide a detailed technical overview, and using the mathematical foundation
of our current study, we show that the bidirectional bipartite graph structure is able to
spell out relatively long contigs in both repeated and non-repeated pair-read structures.
In addition to pointing out a novel formula to ascertain the total number of Eulerian
paths in the bidirectional bipartite graph, we have also highlighted the observation rule
for the node nucleotide patterns of an Eulerian path. It is our belief that certain graph
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configurations within the partially de Bruijn representation are capable of effectively
reducing the error in genome reconstruction. This is the reason why our next research
endeavors need to include the search for such graph architectures.
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