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ABSTRACT

Modern research in environmental microbiology utilizes genomic data, especially
sequencing of DNA, to describe microbial communities. The field studying all genetic
material present in an environmental sample is referred to as metagenomics. This
doctoral thesis deals with metagenomics from the perspective of bioinformatics that is
unreplaceable during the data processing. In the theoretical part of this thesis, two
different approaches of metagenomics are described including their main principles and
weaknesses. The first approach, based on targeted sequencing, is a well-established field
with a wide range of bioinformatics techniques. Yet, methods for comparison of samples
from several environments can be highly improved. The approach introduced in this
thesis uses unique transformation of data into bipartite graph, where one partition is
formed by taxa, while the other by samples or environments. Such a graph fully reflects
qualitative as well as quantitative aspect of analyzed microbial networks. It allows
amassive data reduction to provide human comprehensible visualization without
affecting the automatic community detection that can found clusters of similar samples
and their typical microbes. The second approach utilizes whole metagenome shotgun
sequencing. This strategy is newer and the corresponding bioinformatics techniques are
less developed. The main challenge lies in fast clustering of sequences, in metagenomics
referred to as binning. The method introduced in this thesis utilizes genomic signal
processing approach. By thorough analysis of redundancy of genetic information stored
in genomic signals, a unique technique was proposed. The technique utilizes
transformation of character sequences into several variants of phase signals. Moreover,
it is able to directly process nanopore sequencing data in the form of native current
signal.
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INTRODUCTION

Even though the microbial organisms are not visible to the naked eye, we meet them on
every step of our way as they are present everywhere. They live in soil, water, air, on
a surface of trees, fruits, or any thinkable habitats including human-made things like
doorknobs etc. They even live on and within the bodies of higher eukaryotic organisms,
including humans, and form large communities. All the genetic material of these
individual organisms within an environment forms a metagenome. There are two main
ways to study microbial communities by the means of metagenomics, differing by
a sequencing approach. The first way is based on amplicon sequencing of a target gene
in the metagenome. Such an approach cannot describe the whole metagenome omitting
all the genes, except for the target gene, it contains. On the other hand, it provides an
easy way to perform powerful qualitative as well as quantitative analyses of a microbial
community by identifying particular taxa while comparing the sequenced genes with
a database and by getting the abundance of a taxon while counting copies of the target
gene belonging to a taxon. The second way relies on a whole metagenome shotgun
sequencing, which allows it to provide a full analysis of a metagenome, including genes,
and pathways it contains. However, the data processing is much more complicated.

In this thesis, I am describing the assumptions and expectations of using both
of these metagenomic ways, aiming primarily on the bioinformatics approaches and
tools and I am presenting improvements and novel techniques in places I found the
current tools to be weak. While the preprocessing of amplicon sequencing data is highly
automated, techniques for comparison of microbial communities from different habitats
and data interpretation are underdeveloped. The technique proposed in the thesis utilizes
bipartite graphs. As demonstrated in the thesis, the tool that is nowadays mostly used
for analysis of social networks has advantageous properties also for analysis of
microbial communities. Not only brings this technique the possibility to reduce the
dimensionality of the data without affecting the result of automatic clustering by
community detection but it also provides a powerful tool for data visualization that is
unreplaceable in data interpretation. On the contrary, the field of processing whole
metagenome shotgun data lacks techniques for automatic data clustering and
dimensionality reduction. It mostly uses stochastic transformations to be able to process
large datasets of sequences. Unlike the current tools, the solution presented in this thesis
is based on genomic signal processing. By its application, a completely new,
deterministic, and very fast transformation of the metagenomic datasets could have been
proposed. It allows the use of a following comparative analysis by automatic clustering
as well as human comprehensible visualization for data inspection.
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1 METAGENOMICS

Metagenomics is closely related to environmental microbiology, the scientific discipline
that is more than one hundred years old; yet, the term ‘metagenomics’ was only
introduced by Handelsman et al. [1] in 1998. Its principle lies in studying all genetic
material present in an environmental sample without the need for cultivation. As it has
been shown, by sequencing of cultivated samples obtained from an environment,
a microbial diversity tends to be considerably underestimated as the majority (>99%) of
organisms cannot be cultivated by standard techniques [2].

1.1 Metagenomic studies

During several years, many previously undescribed microorganisms have been
discovered by direct isolation of genetic material from their natural habitat and
metagenomics, in addition to microbiology, has also been used in other disciplines and
fields such as medicine, veterinary medicine, food industry, ecology, or
biotechnology [3]. The wide usage of metagenomics can be supported by the estimation
of the total number of microbial cells on Earth, which is 10%°, formed mainly by 10° to
108 separate prokaryotic genospecies [4]. Although the myth claiming that our bodies
contain 10 more times bacterial cells than human own cell was busted in 2016, bacteria
form still a substantial part of our bodies when the average man is believed to carry
3.8-10" bacterial cells, which is roughly the same as the total number of human cells [5].
Therefore, the influence of bacteria on human health is being discussed broadly. While
many studies aim at gut microbiota composition and its influence on human
health [6, 7], also other metagenomes as those in bronchial tracts are being studied [8].
Even though the majority of bacteria are harmless or rather beneficial to a human body,
metagenomic approach is also being used in a study of harmful microbes, e.g. those
carrying antibiotic resistance genes [9]. In veterinary medicine, metagenomics helps to
reveal spreading genes of antibiotic resistance [10] or to prevent economic losses by
studying effects of feeding [11] or housing [12] on microbiota composition of farm
animals. Applications in ecology usually consist of studying microbial communities in
soil or water [13] and biotechnology uses metagenomics to reveal properties of
microbial communities utilizable in industry, e.g. biodegradation [14].

A rapid development of DNA sequencing techniques substantially changes the
way the metagenomic studies are carried out. Constant improvement of lab techniques
puts pressure on the development of increasingly powerful bioinformatics tools. Those
tools are in metagenomic research unreplaceable, as the main challenge has moved along
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from the data collection to the data analysis. Advances in DNA sequencing caused an
immense increase in data volume being processed during a typical metagenome
study [15]. Instead of kilobytes and megabytes, a common study starts with gigabytes
or even terabytes of raw data. Later, during the data evaluation, datasets are being
reduced continuously, ending up in tables of organisms or genes that are human
comprehensible and ready to be interpreted. However, such a massive reduction has to
be done rigorously, without any negative effects on the final results of the analysis. This
is the reason for the rising importance of bioinformaticians being involved in complex
metagenomic studies that require the multidisciplinary cooperation of several
researchers from different fields.

Two different sequencing strategies can be used [16]. If the main goal is only
to taxonomically describe the microbial community, amplicon sequencing of selected
gene, so called targeted sequencing, is usually used. Although this approach only allows
to determine species, or rather only genera in a sample without any information of their
genomes, the data handling is easier and for many applications in microbial studies is
such a result sufficient [ 17]. On the contrary, the second approach allows to study whole
genomes of organisms present in a sample while the data processing is much more
complicated. This approach is based on whole metagenome shotgun sequencing
(WMS) [18]. The principle of these approaches is summarized in Fig. 1.1.

enviroment microbes DNA
o= targeted
~Z sequencing

selected gene
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Fig. 1.1 — Two approaches of studying the microbiota

Culture independent methods for characterization of microbial communities are
based on direct sequencing of isolated DNA to prevent loss of diversity by
cultivation. Targeted sequencing captures all organisms in a sample, whole
metagenome sequencing provides also information about the functional and
metabolic potential of the community.



1.2 Targeted sequencing studies

The use of amplicon sequencing for metagenomics has its specifics and a wide range of
bioinformatics techniques, tools, or whole pipelines have been already proposed.
The bioinformatics strategy for microbial studies can be divided into three main blocks
as shown in Fig. 1.2.

DATA PREPROCESSING

adapter trimming E&—q&’

-~ demultiplexing

quality assesment ¥

OTU PICKING
) picking strategy

clustering algorithm Lo x

silvak 8 G5 databases

Fig. 1.2 — Bioinformatics strategy for targeted sequencing

The whole strategy contains three main blocks. Data preprocessing is similar to
other amplicon sequencing projects but remaining blocks are highly specialized for
microbial studies.

The first steps in targeted sequencing metagenomics data processing are
the same as for any other NGS application and are usually automated. These include
adapter trimming, demultiplexing, quality trimming, and pair-end reads merging.

The crucial step in targeted sequencing metagenomics comes after
the sequences are demultiplexed and trimmed. During their clustering, referred to as
OTU picking, Operational Taxonomic Units are being formed. An OTU represents
a cluster of organisms grouped on the basis of their DNA similarity. Such a grouping
allows recognition of known organism using a reference database, identification of
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novel organisms, data quantification, and application of a wide range of statistical and
analytical techniques for description of microbiomes. The purpose of forming particular
OTUs is to identify all known and novel organisms in the sample. However, in practice,
the achievement of this goal can be quite complicated. There are three main strategies
for OTU picking — de novo, closed reference, and open reference clustering [19]. The
results of OTU picking do not depend only on a selected strategy but are also
substantially influenced by a range of other parameters. Among them, clustering
algorithm and the level of sequence similarity are the most important. As a default, 97%
similarity is set. This value was proposed as the threshold for species delineation based
on 16S rRNA gene similarity [20].

Once the data are transformed into OTU table, a novel knowledge can be
gathered using a wide range of techniques for analysis of diversity within a single
environment or diversity between two environments, relations between community
composition and environmental features, and phylogenetic relationships within
a community. Possibly, tools primarily meant to analyze diversity can be used to verify
the sufficiency of the sequencing depth. The first step in amplicon metagenomic data
interpretation usually lies in an analysis of diversity. There are two basic types of
diversity: a and . Alpha diversity deals with species within a sample and tries to
describe relationships of their co-occurrence, e.g. a number of species and their
abundance. On the contrary, beta diversity tracks the differences in species composition
among various samples, e.g. a number of shared species. The simplest way to describe
an OTU table can be found in indexes of diversity, which try to capture a diversity with
a single number. They can be understood as an analogy of descriptive statistics,
e.g. mean, median, standard deviation etc. There is a wide range of various indexes [21].
While interpretation of some indexes is very similar and their common usage is
redundant, combination of contrasting indexes can be highly informative for description
of communities.

Visualization techniques
Although microbial data are complex and multidimensional, their simple visualization
is possible by a range of techniques. Efficient visualization method can help finding
hidden bonds between microbiomes and is crucial in processing and interpretation of
metagenomic datasets. There is almost an infinite variety of libraries and tools dedicated
for data visualization in scripting languages like Python, R, Matlab etc. or in software
for statistical computing like SPSS or Statistica that can be used for microbial studies.
Basic techniques for data visualization are commonly available also within pipelines
dedicated for metagenomics and include heatmap of OTU abundances [22], scatter
plots [23], time series plots [24], and bar plots [25]. Other techniques utilize calculations
8



of selected parameters and dimensionality reduction. UniFrac-PCoA [26], PCoA
biplots [24], heatmaps of correlation coefficients [13] are the most widely used among
them.

1.3 Whole metagenome shotgun sequencing studies

The steps within WMS sequencing data processing are substantially different from those
of targeted sequencing approach. Although they can be also divided into three main
blocks as shown in Fig. 1.3, they may not be applied in the exact order and they rather
supplement than follow each other. This is caused by different nature of the shotgun
data as well as different expectations and demands for the results of an analysis.

Raw shotgun data represent random chunks of genomes. Thus, the first logical
step lies in sequence assembly in order to reconstruct original genomes present in
a metagenome. However, metagenome assembly is a complicated process and separate
assembling of related read clusters formed during binning process may substantially
improve the assembly, i.e. lower the number of contigs while prolonging them. On the
other hand, binning of longer sequences usually produces better clusters and some of
the binning algorithms require assembled data. Contigs can undergo descriptive and
functional analyses at once or in separate bins and in the opposite way, reads with
additional information acquired during an analysis can help to improve the assembly
and the binning process.

metagenome
assembly

descriptive

and functional binning

analyses

Fig. 1.3 — Bioinformatics strategy for shotgun sequencing

The whole strategy contains three main blocks that supplement each other. The
processing of raw data may start with any of these and particular step can be applied
repeatedly, e.g. contigs produced by metagenome assembly can be binned into
separate clusters that are again assembled to produce lesser amount of longer
contigs that are searched for genes conditioning the function of the community.
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The data handling during the preprocessing step is similar to the targeted
sequencing strategy and consists of tasks required for any sequencing data, mainly
adapter and quality trimming. The complexity of particular genomes usually requires to
be covered by the capacity of a whole sequencing run while multiplexing is not used.
Nonetheless, demultiplexing of shotgun data follows the same principles as for amplicon
data. Assemblies of metagenomes are extremely demanding tasks that end up far from
the complete sequences covering whole genomes of every single microbe present in
an environment. Yet, connecting reads into longer sequences is highly advantageous for
analyses of metagenomes while it helps to improve following binning processes.
Although any standard assembler can be utilized for assembling a metagenomic dataset,
specialized tools with optimized parameters for metagenomic data are already
available [27]. The main difference between assembly of dataset containing single
organism and a metagenome is uneven sequencing depth of particular organisms within
a metagenome caused by their different abundance [28]. Metagenomic assemblers are
usually developed by a modification of standard assemblers, e.g. MetaVelvet [29],
Meta-IDBA [30], and many others [31].

Another task of WMS data processing lies in data sorting, i.e. binning. This
step is equivalent to OTU picking in amplicon data processing and serves to characterize
the taxonomic diversity of microbial communities. Yet, it is computationally much more
challenging. Some of the binning strategies can work directly with short reads while
others are optimized for binning longer sequence, i.e. contigs or reads produced by
the third generation sequencing (TGS). A certain group of algorithms, clustering the
data according to their abundances, requires only contigs as these algorithms calculate
with coverage of contigs by short reads. Metagenomic assembly and binning is therefore
tightly connected. The basic division of binning strategies distinguishes between
methods using a reference database, so called taxonomy dependent, and de novo
methods, so called taxonomy independent [32].

Due to the incompleteness of reference databases, a majority of the novel
binning algorithms utilizes reference-free approach. My colleagues and I have proposed
the division of taxonomy independent techniques into three categories — (i) sequence
composition based methods, (ii) abundance based methods, and (iii) hybrid
methods [33], see Fig. 1.4. All of these methods use feature vectors inferred from
the original data rather than using whole sequences to achieve better computational
efficiency. Their main difference comes from the nature of feature extraction. While
(1) work with compositional properties of sequences, (ii) work with features based on
contig coverage reflecting abundance of given taxa in a microbial sample. Hybrid

methods combine both of these features. At the same time, data visualization is
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increasingly important to provide user with informative overview of the data and to
allow him to perform appropriate corrections, e.g. human augmented binning [34].
Therefore, such binning tools use advanced dimensionality reduction techniques.

TAXONOMY INDEPENDENT BINNING

ABUNDANCE BASED HYBRID
—» sOMs & AbundanceBin CompostBin
Abe et al. 2006 Wu et al. 2011 Chatterji et al. 2008
—» LikelyBin G Canopy MetaCluster
Kislyuk et al. 2009 Lander et al. 2014 Yietal 2012
—» SCIMM MBBC Diff. Cov. Bin. &
Kelley et al. 2010 Wang et al. 201¢ Albertsen et al. 2013
= 2Thinning & CONCOCT @&
Saeed et al. 2011 Alneberg et al. 2014
—» MetaWatt MaxBin
Strous et al. 2012 Wu et al. 2014
— VizBin @G> GroopM &>
Laczny et al. 2015 Imelfort et al. 2014
—» MycC & MetaBAT
Lin and Liao 2016 Kang et al. 2015
COCACOLA
Luetal 2016

Fig. 1.4 — Division of taxonomy independent techniques by Sedlar et al. [33]
Current reference-free binning tools can be divided into three subcategories
according to the nature of a feature vector used for data clustering. Several
techniques (highlighted by an eye symbol) employ dimensionality reduction
techniques to provide informative visualization of datasets.

At last but not least, WMS data are subjected to descriptive and functional
analyses to infer biological knowledge about the analyzed community. Unlike
the targeted sequencing approach, whole metagenome data contain all functional
properties of an analyzed microbial community. Nevertheless, genomic approach limits
the amount of observable properties to the metabolic and functional potential of
a microbial community rather than its real state. To fully describe the function, other
omics need to be involved. Functional studies in metagenomics copy procedures applied
in a standard genomics. These consist of annotation of sequences and following
assignment of a function to annotated elements. Among annotation tools, MG-
RAST [35], METAREP [36] or IMG/M [37] are available.
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2 COMPUTATIONAL BACKGROUND

Deeper understanding of some of computational state-of-the-art methods and tools is
important for development of novel, more advanced tools. Those include especially
concept of mathematical graphs and techniques for sequences feature extraction and
processing. While graphs are suitable for analysis and reduction of large OTU tables and
their informative visualizations, feature vectors allow application of very fast algorithms
on extensive datasets gathered in whole metagenome shotgun sequencing studies.

2.1 Graph theory

The concept of graphs is significantly older than metagenomics itself. In fact, the famous
problem of bridges in Konigsberg defined in a paper by Leonhard Euler is considered
to be the very first paper in the history of graph theory [38]. Euler published the paper
in 1736, 262 years before Handelsman introduced the term ‘metagenomics’. Since then,
graph theory has gone through great development and found application in a wide range
of disciplines and fields, from physics through computer science to biology or even
humanities.

A graph is a basic object of graph theory or discrete mathematics that can
capture pairwise relations between objects. In the most common sense of the term,
a graph G is an ordered pair [39]:

G =(V,E), 2.1)

where V' is a set of vertices (also called nodes or points) and E is a set of edges (also
called lines or arcs) connecting these vertices. Thus, £ can be understood as:

Ec {{u, viu,v€eV,u+ v}, (2.2)

a two-clement subsets of V. Such a graph is referred to as undirected because
the association of u and v takes the form of the unordered pair, i.e. e = {u, v}. However,
the pair of # and v may be ordered, i.e. e = (&, v). In that case, the graph is directed.

Visual representation of a graph, graph drawing, is its pictorial representation
but in fact, a graph is abstract data type that can be defined by several data structures,
mostly matrices or lists. The most common structure is an adjacency matrix. For simple
graph, adjacency matrix is two dimensional, square, Boolean matrix 4 of type n x n,
where n = |V] is a number of vertices.
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A special class of graph is a bipartite graph [40], which is a graph whose
vertices can be divided into two disjoint sets such as:

V=V1UV2,Van2 = @andveZ{u,U},GEE:uevl/\ UEVZ (23)

that only two vertices of different kind ¥} and V> can be connected by an edge e. V1 and
V> are called partitions. The whole bipartite graph is defined by an biadjacency matrix
B.,n, whose size is determined by the sizes of both partitions m=|V| and n=|V>|.

Biological networks

A biological network is a network describing any biological system. While vertices, in
network theory usually called nodes, represent units of the network, edges stand for
interactions between adjacent nodes. Except for the qualitative attributes, e.g. name of
a unit or description of an interaction, quantitative attributes are quite common. These
may represent a size of a molecule or an abundance of a species in case of nodes or bond
strengths, rates of reactions etc. in the case of edges. Thus, biological networks can be
regarded as weighted graphs. Applications of networks to biology are almost unlimited
and include for example modelling of molecular activity in a cell [41], protein-protein
interactions [42], neural networks of brain activity [43], co-occurrence patterns in
microbial ecology [44] and many others [45—48].

An analysis of a biological network using graph/network algorithms is
a powerful tool to infer hidden biological properties. There are two basic types of
analyses. Dynamic analyses evaluate changes in attributes of nodes and edges over
the time. These mainly include analyses of gene regulatory networks, signaling
pathways, or metabolic networks by the means of computational systems biology [49].
On the other hand, a static analysis evaluates a topology of a network and, besides
systems biology, is widely applied also in bioinformatics. Various analyses of topology
of large biological networks revealed that they share many features with other networks,
e.g. social networks. One of the widely used parameters evaluating topology of a
network is modularity O [50]. It measures the strength of division of a network into
particular modules representing different communities or clusters of nodes.

2.2 Sequence features

Bioinformatics is a discipline exploring biological sequences that are represented as text
strings. From this point of view, bioinformatics may seem as a sub-discipline of
stringology, which studies algorithms and data structures used for text strings
processing [51]. On the other hand, biological text strings are characterized by strict
rules and their information content can be quantified using various statistical,
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computational, or signal processing approaches. Utilization of these techniques allows
more elaborated, more complex algorithms to be applied for solving selected tasks,
e.g. dimensionality reduction, fast binning, etc., that would be hardly achievable by
using stringology itself.

The utilization of basic features or vectors of various features helps to
overcome the most computationally demanding task — sequence alignment and
following similarity calculation. The most basic parameter is GC content. Although
percentage of cytosine and guanine in a sequence may seems as an imperfect parameter,
a difference in GC content between unrelated populations was proved [52].
Nevertheless, a majority of feature vectors is high dimensional representing k-mer
frequencies.

Another approach overcoming the string nature of biological sequences is
utilization of genomic signal processing [53, 54] techniques (GSP). GSP is a sub-
discipline of bioinformatics that applies digital signal processing techniques to
biological sequences, DNA and protein. Genomic signals can be understood as advanced
features or feature vectors that are obtained by a transformation of the original character
string sequence into a form of digital signal or numerical vector. Genomic signals have
ability to highlight various features that may occur on a larger scale than particular
nucleotides. Thus, a limitation of character-based representation showing only point
differences between sequences is suppressed. Various genomic signals were already
proved to solve different bioinformatics task, e.g. organism comparison, sequence
alignment, gene prediction etc. [S5, 56]. The rules according to which a sequence is
transformed are referred to as a numeric map. There is a range of numeric maps
highlighting different features. While some maps are degenerative, i.e. the signal cannot
be transformed back into a sequence, others allow reverse transformations to be applied.
Another division of numeric maps is derived from the dimensionality of a transformed
signal. While native dimensionality of DNA is equal to four (determined by four
different nucleotides), various signal representation can reduce it to 3D, 2D, or even 1D.

Nanopore signals
DNA sequences stored in FASTA format using [UPAC codes do not represent a native
format of sequencing machines but are rather a product of base-calling, which is
a process of measured data decoding. Signals representing a nanopore sequencing native
data format are commonly referred to as squiggles [57]. Currently, novel bioinformatics
tools processing directly squiggles are being proposed to overcome the need of
stringology in bioinformatics.
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3 OBJECTIVES OF THE THESIS

The purpose of the thesis is to propose novel methods for comparative analyses of
metagenomic data. Due to the differences between targeted and whole metagenome
shotgun sequencing data, there are two main objectives with several sub-objectives
each:

1. Develop a method analyzing targeted sequencing data for a comparative

analysis of microbiomes using graph and network algorithms, including:

1.1. a transformation of OTU table into a graph in a way that qualitative and
quantitative information is preserved, while merging of OTU or samples is
allowed,

1.2. application of network algorithms for detection of communities associated
with different samples,

1.3. a human comprehensible and informative data visualization using the most
suitable layout and coloring.

2. Develop a method processing whole metagenome shotgun sequencing data for
fast taxonomy independent binning based on genomic signal processing,
including:

2.1. aselection of the robust numeric map and transformation technique allowing
efficient binning,

2.2. apossibility of processing nanopore data,
2.3. ahuman comprehensible and informative data visualization,

2.4. application of automatic clustering techniques.

The results gathered during fulfilling the first and the second objective are
presented in chapter four and five, respectively.
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4 MICROBIOME BIPARTITE NETWORKS

Two basic approaches to metagenomic studies were described in the theoretical part of
the thesis. While only whole metagenome shotgun sequencing approach results in a real
study of a metagenome, targeted sequencing studies are still applied to reveal microbial
composition of various habitats. Therefore, amplicon sequencing plays an irreplaceable
role in microbial studies. Even though a range of advanced techniques for analyses of
targeted sequencing data has been already introduced, there is still room for further
improvement, especially among techniques allowing an analysis of samples from
different habitats, various samples, or different time-points in a single environment.

Processing steps description

Sequence identification: clustering of
Sequence sequences and identification of clusters
L H -] against a reference database e.g.:
identification ) 5T RDP seqmatch otc.

Graph reconstruction: taxonomical level
Graph setting, merging samples, weighting of

, edges using scripting languages e.g.:
reconstruction g “\atiab, Python etc.

Visualization: graphic parameters
Visualization setting for better recognition and
readability of the final network as color
coding, overall layout setting using a
. visualization software e.g.: Gephi,
Bipartite Cytoscape, Tulip etc.
network

Fig. 4.1 — Principles of microbial bipartite network reconstruction

Flowchart describing proposed workflow. Every main step is implementable in
several scripting languages/software according to the preferences of users. My
colleagues and I introduced the workflow in study by Sedlar et al. [58].
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A network representation of microbial communities is not a completely novel
idea, for example, the pipeline QIIME allows user to generate so-called OTU networks
or bipartite networks that are specifically designed to be visualized using
Cytoscape [59]. Nevertheless, such networks are only briefly described and designed
mainly for visualization of data rather than its full-fledged analysis. The methodology
proposed in this thesis brings detailed description of particular steps needed for
transformation of OTU table into a graph with suitable properties. These include, but
are not limited to, various transformations allowing community detection, edge
weighting, eliminations of low abundant OTUs, sample merging, and others. Rather than
introducing another tool with limited usage, in this thesis, | present a comprehensive set
of rules for OTU table handling in order to reconstruct informative microbial bipartite
networks and their drawings using any programming language or visualization platform.
I have introduced these principles in study ‘Bipartite Graphs for Visualization Analysis
of Microbiome Data’ [58] for the first time. The whole workflow is presented in Fig. 4.1.

4.1 Microbiome bipartite graph

In fact, OTU table itself can be directly considered as a graph that represents a network
showing alpha and beta diversity in and between several microbial samples.
Nevertheless, correct identification of particular sets of entities and relations among
them helps greatly for further graph refinements that are irreplaceable for meaningful
analyses and human comprehensible visualizations.

An OTU table, which is P m x n matrix, is obtained as a result of sequence
identification during an OTU picking procedure. Each of m rows represents different
OTUs and each of n columns represents different samples. Taxa as well as samples form
together a set of entities that represent vertices of the graph describing a microbiome.
Thus, the size of the set V from equation (2.1) is [V]=m + n.

All non-zeros values in the OTU table denotes relations between two entities.
Thus, they represent edges connecting two vertices. An edge can be established only
between the vertex representing a taxon and the vertex representing a sample. Vertices
between two taxa or two samples are not possible. Therefore, vertices can be divided
into two disjoint sets in the way that only two vertices of different kind V1 and V> can be
connected by an edge e. This corresponds to the definition of a bipartite graph.

Biadjacency matrix B, which represents a bipartite graph, can be inferred by
a simple binarization of an OTU table P in a way that connection between i OTU and
Jj™ environment is created when i OTU occurs in j* environment. Such a matrix fully

represents a graph that stands behind a microbial bipartite network. Before data
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transformation from an OTU table to a graph representation is done, additional steps
should be performed to ensure the following meaningful analysis. These steps should
not change basic features of a graph; however, they should highlight hidden patterns that
are not apparent from raw data themselves.

Firstly, a desired taxonomical level has to be chosen by summation of OTU
table rows belonging to the same taxonomic unit, e.g. a sum of all bacterial genera
belonging to the same class for a graph capturing occurrence of bacterial classes in
different samples of whole microbial network. The choice of a higher taxonomic level
reduces a number of nodes making the network visualization much clearer. While
the number of unidentified sequences lowers with higher taxonomic level, a part of
OTUs remains always with unassigned taxonomy. This plays no role for large networks
meant primarily for detection of extensive communities of microbes, however, it can be
inconvenient for visualization of sparse graphs containing labels that are meant for
identification of particular taxa by its name. Thus, the omission of unidentified OTUs
may be desirable for selected applications.

Secondly, another reduction of vertices can be done by merging samples. This
is highly desirable for comparing different environments by visual inspection, e.g. gut
microbiota of group without a treatment, group after a treatment, and a control group. It
is very common that every group consists of several biological replicates.While
processing of all replicates may serve as a control of reproducibility or as identification
of outliers, it is convenient to reduce the amount of data for final presentation.
The utilization of median value from all columns of an OTU table belonging to the
particular group offers a simple way for merging samples.

Although bipartite graphs represent sparse biological networks from its
definition, the utilization of OTUs standing for genera or higher taxonomic levels may
increase average degree of vertices against the whole OTUs network rapidly. Many of
these edges are represented by low abundant OTUs that are in a given sample presented
in only units of sequences. These weak connections can be considered as a background
noise that can be filtered out during binarization by application of the threshold ¢

T, P>t '

forl<i<mandl1<j<n

Different samples, even samples representing biological replicates from the
same environment have different sequencing depths. Therefore, the threshold should be
applied on a normalized OTU table that reduces uneven sequencing depth.
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Although the Boolean biadjacency matrix B is suitable to filter the weakest
connections, it is not able to distinguish the strength of the remaining relations. Rating
edges according to the relative abundance of an OTU helps to reveal the hidden patterns.
This approach provides suitable results for showing the common and unique parts of
microbiota, because all the taxa are given equal priority that is independent of
the abundance of the taxon. A weighted biadjacency matrix # can be computed as:

P_T'eli'j

W, = 10 4.2)

max(P_rel;)’
where the weight of the edge ranges from 0 to 10. This value serves mainly for final
layout computation, in which the value corresponds to a thickness of an edge.

Detection of main communities forms a powerful tool for analysis of various
real-world networks, or graphs standing behind these networks, respectively. The aim
of detection is to find clusters of vertices that are densely interconnected by edges within
the cluster, while sparsely connected to other clusters. The proposed bipartite graphs can
be analyzed by any community detection algorithm including ‘Fast unfolding of
communities in large networks’ by Blondell et al. [60], edge betweenness [61], label
propagation [62], walktrap [63], leading eigenvector [64], or optimal distribution [65]
algorithms. Possibly, separate detection in both partition can be done by utilization of
bipartite graph projection [66].

4.2 Results and discussion

Basic transformation and network drawing
The following results are presented using an unpublished dataset containing my own gut
microbiome. This dataset was only created for my personal use to find out a possible
infection by Helicobacter pylori. Nevertheless, inspired by Nobel’s prize laureate Barry
Marshall, who proved the link between H. pylori and stomach ulcers by drinking a broth
containing the bacterium [67], I cannot miss the opportunity to present my method using
my own body, which fortunately does not contain the bacterium.

The library of V3/V4 variable regions of 16S rRNA gene was not sequenced
with a great depth and contained only 1540 non-chimeric sequences of sufficient quality.
Moreover, 73 sequences formed singleton OTUs, i.e. an OTU represented by a single
sequence, when UCLUST at 97% sequence similarity was used during OTU picking. In
total, 186 OTUs were detected with open reference clustering. The resulting microbial
network is shown in Fig. 4.2 A. The network was drawn using a random layout, which
is very uninformative because of enormous number of overlapping nodes. Moreover,
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links represented by straight lines crossed other nodes and are unweighted because
the partition containing samples was formed by a single node. Even though any
additional analyses are not possible for networks consisting of a single sample,
the drawing can be highly improved by removing singletons, by reducing a number of
crossing edges using force-directed layout, and by distinguishing between nodes from
different partitions, see Fig. 4.2 B. Removing singletons is equal to application of
the threshold # introduced in the equation 4.1.

On the other hand, remaining 113 non-singleton OTUs formed a network that
was still too large for labeling every node. Moreover, more than a half of remaining
OTUs were represented only up to five sequences. Thus, it is advantageous to look at
the microbiome from higher taxonomic level. All detected OTUs can be grouped into
19 bacterial families from which only two families remained unidentified. Such
a reduction of nodes allowed labeling of nodes as presented in Fig. 4.2 C.

Fig. 4.2 — Microbiome of Karel Sedlar

Visualized bipartite network of a single sample representing gut microbiome of the
author of the thesis. As all OTUs are given the same priority according to the
proposed transformation, no edge weighting can be applied. (A) The network of all
detected OTUs is drawn using random layout. (B) The network of non-singleton
OTUs is drawn using force-directed layout. (C) The network of bacterial families
with labels. Although two families remained unidentified, their identification was
possible at least on the higher taxonomical level (order).
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The main purpose of a microbial network is to capture and identify
communities of microbes in an environment that is explored by more than a single
sample. This allows full utilization of the proposed transformation, including edge
weighting. A model situation can be introduced by adding two additional random
samples. While sample random 1 has a comparable number of sequences, precisely
1944, sample random 2 has higher coverage of 5982 sequences. Although all samples
have a comparable number of observed species, coefficients of a diversity suggest
random 2 have lower diversity with a dominant taxon. Remaining samples are
characterized by higher equitability, see Tab. 4.1.

Tab. 4.1 Alpha diversity of three samples

sample observed species Chaol Shannon Simpson
Karel Sedlar 186 255 5.748 0.956
random 1 178 270 5.533 0.951
random 2 180 182 3.309 0.712

The microbial network of these three samples and bacterial families they
contain is presented in Fig. 4.3. Edge weighting was applied.

Neissqigceae Streptod@reaceag

Farily=Xi_ Erysipeicqrhaceae

Fusobagtprisceae,
Pasteug@llaceae ran .

Leptotrighiacede \ Acidaminococcaceae

Aclinomiigelaceae

Rikenellaceae

Aollicutes |

Fig. 4.3 — Microbial network of three samples

Visualized bipartite network of three samples. Color coding determines detected
communities by fast unfolding algorithm. These communities (red, blue, and green)
are formed by samples and their bacteria. Edges colored differently connect nodes
from different communities.

The use of filtering by 0.5 % threshold reduced the number of visible taxa from
35 to 22. This is an advantageous step as all taxa have the same priority. Low abundant
taxa are usually connected to a single sample and their weights are therefore at maximum
value. Despite their possible important biological influence, the network drawing is not
able to detect such fact and more nodes make network only less informative.
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The reduction of visible nodes affects also alpha diversity. However,
reconstructed bipartite network has only descriptive, not predictive, function. Although
Chaol coefficient suggests random 2 have lower amount of taxa, the number of
observed species is comparable for all three samples. In a similar way, the number of
observed bacterial families in the presented network, formed by neighborhoods of nodes
representing samples, is comparable for all samples. While neighborhoods of samples
Karel Sedlar and random 1 are formed by 15 taxa, the neighborhood of samples
random 2 contains 16 taxa.

In the partition of bacterial families, seven nodes have degree equal to one.
These families are unique to a single sample. Other six nodes have degree equal to two.
Remaining nine nodes are shared by all samples, i.e. their degree is equal to three.
The network clearly shows that equitability of samples Karel Sedlar and random 1 is
high because edges connecting shared nodes representing bacterial families are thick,
i.e. have high weights. On the contrary, weights of edges connecting random 2 and
shared bacterial families are low with the exception of node representing family
Streptococcaceae. This suggests Streptococcaceae form highly abundant taxon that is
responsible for lower equitability of random 2 confirmed by lower Simpson index. This
is correct because relative abundance of Streptococcaceae in random 2 is more than
57 %, while its abundance in remaining samples is around 1 %.

Merging samples

To demonstrate the possibilities of merging samples, a real dataset covering different
environments by several samples each is needed. A suitable example can be found in
already mentioned dataset from study ‘Characterization of Egg Laying Hen and Broiler
Fecal Microbiota in Poultry Farms in Croatia, Czech Republic, Hungary and
Slovenia’ [26]. The dataset consists of V3/V4 variable regions of 16S rRNA genes from
45 samples. By merging samples from egg laying hens and from broilers, direct
comparison of these two environment can be done. By adding labels to nodes, one can
easily assume that microbiomes of hens were more diverse than those of broilers. This
could have been summarized in the network comparing these two environments, see
Fig. 4.4. Me and my colleagues presented such network for the first time in
the conference paper by Sedlar et al. [68]. While the degree of hen vertex was 43,
the degree of broiler vertex was only 18, which means that hen microbiome consisted
of 43 different bacterial families, while broiler microbiome consisted of only
18 bacterial families.
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Fig. 4.4 — Bipartite network showing bacterial families in broilers and hens
Bipartite network showing bacterial families in broilers and hens. Neighborhoods
of nodes representing broilers and hens are drawn in blue and red, respectively.
Nodes representing bacterial families are grey. My colleagues and I presented this
network in the conference paper by Sedlar et al. [68].

Communities in microbial networks
Merging samples from the same environment utilized previously known information.
Nevertheless, in some cases, samples can be obtained from the same environment that
can be still divided into several communities. This can be applied for examples on
samples obtained from time-series experiments.
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Fig. 4.5 — Clustering of time-series samples

(A) 2D PCoA plot of 16 samples using weighted UniFrac distance. Coordinates
explains 58% and 13% of original data variability. (B) UPGMA clustering with
Mahalanobis distance performed on PCoA data. Four developmental stages of
microbiome (yellow, blue, red, and green) were detected.
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The situation can be demonstrated on dataset containing microbiota
composition in egg-laying hens during 60 weeks of their life, gathered during the study
‘Succession and replacement of bacterial populations in the caecum of egg laying hens
over their whole life.” [24]. The dataset of 16 samples from the first experiment was
clustered using UniFrac-PCoA and hierarchical clustering, see Fig. 4.5. The second
experiment added 36 samples. The complete microbial network of all 52 samples is
shown in Fig. 4.6.

Fig. 4.6 — Complete bipartite network of 52 samples

Complete bipartite network of all samples from the study by Videnska et al. [24]
and OTUs they contain introduced in study by Sedlar et al. [58]. The total number
of 18,505 nodes, interconnected by 37,356 edges, is divided into four communities
(yellow, blue, red, and green) by algorithm of fast unfolding of communities. Color
coding respects four developmental stages.

The community colored in yellow consisted mainly of samples from hatched
chickens, i.e. from the second experiment. Blue, red, and green community
corresponded to the second, the third, and the fourth stage. Unfortunately manual
inspection of particular parts of the network is problematic for such large networks and
the purpose of the presented workflow is to visualize the data to the naked eye without
the need for additional steps. A simple normalization by the use of relative counts is
sufficient and suitable way for OTU table preprocessing, because of following edge
weighting and data reduction by sample merging. The fact that the simple normalization

and reduction do not affect the results of the analysis while improving the overall layout
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can be supported by exploring the network on several taxonomic levels. The results
presented in study by Sedlar et al. [58], are summarized in Tab. 4.2.

Tab. 4.2 Parameters of reconstructed networks on several taxonomic levels

whole OTU genus family order class phylum
no. of vertices 18,503 280 139 98 73 66
no. of edges 37,356 5,776 2,268 1,155 656 407
average degree 4.037 41.257 32.633 23.571 17.973 12.333
graph density <0.001 0.148 0.236 0.243 0.250 0.190
average path length 3.713 2.118 2.042 2.053 1.916 1.960
modularity 0.577 0.281 0.287 0.303 0.288 0.263
no. of communities 4 4 4 4 4 4

While moving to higher taxonomic levels reduced only the number of nodes
from the partition representing taxa, the division of nodes from the partition representing
samples remained satisfactorily consistent. In the yellow cluster, representing stage one,
89.5% of nodes representing samples remained the same during reduction using higher
taxonomic levels. The consistency of blue cluster, representing the second stage, was
88.9%. The remaining two clusters, red and green, representing the third and the fourth
stage, were even more conserved when 95.4% and 100% of nodes remained in
the original cluster.
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Fig. 4.7 — Network representing four stages of microbiota development

Four detected communities detected around nodes representing samples from four
stages. The color coding of particular communities (yellow, blue, red, and green)
corresponds to the color coding used in Fig.4.5. Other colors represent
intercommunity links.

On the highest taxonomic level, the network consisted of 14 nodes standing for
bacterial phyla and 52 nodes standing for samples. Relations between them were
described by 407 edges, which was still relatively high number. Nevertheless, another
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reduction of nodes and edges can be done by sample merging, this time by newly
acquired knowledge about developmental stages, see Fig. 4.7.

Although the reduction by combining samples from the same communities
lowers the size of the network, for lower taxonomic levels, the application of threshold
t introduced in the equation 4.1 may be desirable. This can be demonstrated using
the network of four detected stages and their bacterial families. While the network
contains 60 different bacterial families, a majority of them has very low relative
abundance that did not exceed 0.5%, see Tab. 4.3 summarizing results from study by
Sedlar et al. [58].

Tab. 4.3 Parameters of reconstructed networks using different threshold

threshold 0 0.005 0.01 0.05 0.1

no. of vertices 64 21 16 12 10

no. of edges 156 33 25 16 10

average degree 4.875 3.143 3.125 2.667 2
graph density 0.077 0.157 0.208 0.242 0.222
average path length 2.105 2.181 2.133 2.242 2.711
modularity 0.224 0.338 0.340 0.377 0.411

no. of communities 4 4 4 4 4

4.3 Summary

The methodology and results presented in the chapter four corresponded to the first
objective of the thesis — to develop a method for an analysis of targeted sequencing data
using graph and network algorithms.

Although graph representation of microbial networks and communities was
already known, it was considered to be only a simple visualization technique without
any possibility of an additional analysis. The methodology introduced in this thesis
brings strict rules for transformation of an OTU table into a bipartite graph representing
a microbial network. This unique procedure is able to preserve qualitative and
quantitative information and allows additional filtering steps to be applied. The same
priority given to every taxon brings the possibility of comparing samples from various
environments and studies. Division of networks and identification of different microbial
communities typical for an environment or a group of samples can be done by several
algorithms utilizing modularity of networks. Extensive possibilities of color coding can
highlight various information hidden in data. It is the combination of both partitions,
samples and taxa, within the common layout and their common clustering, which makes
the presented method unique. Direct visualization of an OTU table in a heatmap, nor
PCoA biplot can provide such informative and human comprehensible results.
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5 METAGENOMIC SIGNAL BINNING

The following chapter is dedicated to processing of whole metagenome shotgun data.
The main problem of processing short parts of various genomes lies in their division
into clusters, i.e. binning, which represents the base for additional analyses resulting in
biological knowledge inference. Different alignment independent techniques use
diverse transformations of sequences into feature vectors. Unfortunately, such
a transformation of character sequence into several numeric parameters is cumbersome.
I see a great potential in utilization of signal processing techniques for fast and efficient
description of biological sequences. Only a simple additional step of a sequence
transformation into a signal is needed [69].

Processing steps description

Sequence transformation: conversion
Sequence of sequences into genomic signals with

transformation suitable properties
e.g.: phase, cumulated phase etc.
Signal Signal parameter: calculation of
arameter parameters describing genomic signals
P e.g.: slope, Hjorth’s descriptors etc.
Binning: clustering of feature vectors
Binning using various techniques hierachical or
non-hierarchical clustering, plotting
results
Clusters e.g.: average linkage, 2D plot etc.
of related
sequences

Fig. 5.1 — Principles of metagenomic signals binning

Flowchart describing proposed workflow. Every main step allows utilization of
several different techniques for data transformation, clustering, and visualization.
It is implementable in any scripting language according to the preference of users.

27



Binning methods themselves are not individual clustering algorithms but rather
a unique combination of data transformation, clustering, dimensionality reduction, and
visualization techniques. The method I introduce in this thesis meets this definition and
combines selected numeric maps and signal parameters with standard clustering
techniques in a novel and unique way. The whole workflow is presented in Fig. 5.1.
Possibly, the sequence transformation may be omitted when a native current signal from
nanopore sequencing is used.

5.1 Signal features and clustering

A numeric map assigns real numbers to nucleotides {A, C, G, T} in a sequence.
The utilized signal representation is called a phase signal, because this mapping is based
on a phase of complex numbers derived from the projection of nucleotide tetrahedron.
Tetrahedron is a 3D object; therefore, there are three possible projections in directions
of axes x, y, and z. The projection {n/4, -3n/4, 3n/4, -n/4} represents such a rotation of
the tetrahedron that takes into account purine-pyrimidines (R-Y) and strong-week (S-
W) chemical properties of nucleotides. Remaining projections {3n/4, -3n/4, n/4, -n/4}
and {3n/4, -3n/4, -n/4, m/4} represent R-Y and amino-keto (M-K) properties and S-W
and M-K properties, respectively. Thus, three different phase signals can be derived
from the original character sequence. The conversion of a character sequence can be
done in linear time and the reverse transformation is also possible. Moreover, phase can
be cumulated or unwrapped along the analyzed sequence.

Unlike the original sequence, the signal representation allows application of
spectral analysis by Fourier transform and other signal processing and description
techniques, including wavelet transform or Hjorth descriptors. Hjorth descriptors
(activity, mobility, and complexity) are based on spectral moments but can also be
calculated from time (nucleotide) variances of a given signal, which lowers
computational time:

A = Activity = d,

M = Mobility = -
= Mobtty =5 (5.1)

0,/ 04
01/0'0'

C = Complexity =

where ¢’ stands for the variance of the genomic signal and o with o> are the standard
deviations of the first and the second derivatives of the signal, respectively. Numerical
differentiation is used as approximation of the signal derivatives for digital signals.
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5.2 Results and discussion

Redundancy in genomic signals
DNA sequences carry a huge amount of information. However, a majority of this
information is redundant for classification of organisms. Targeted sequencing approach
utilizes this fact and aims only on 16S rRNA genes that carry enough of interspecies
information. In whole shotgun metagenomics, the information is reduced by utilization
of a selected parameter, e.g. tetramer frequency, which omits redundant information.
Thus, even the information stored in genomic signals should be redundant.

In study “Set of rules for genomic signal downsampling” [70] me and my
colleagues examined the possibility of genomic signal reduction by dyadic wavelet
transform (DWT). The test dataset contained 420 sequences and proved that sequences
can be massively downsampled without affecting results of a following cluster analysis.

A NC_011662 Thauera sp. MZ1T B ——— NC_015865 Thermococcus sp. 4557
_E NC_011992 A. ebreus TPSY NC_008530 L. gasseri ATCC 33323
NC_002929 B. pertussis Tohama | NC_014106 L. crispatus ST1
NC_015865 Thermococcus sp. 4557 NC_008526 L. casei ATCC 334
_E CP003685 P. furiosus COM1 NC_020515.1 B. trehalosi
NC_012804 T. gammatolerans EJ3 NC_015761 S. bongori NCTC 12419
NC_008530 L. gasseri ATCC 33323 NC_000913 E. coli str. K-12 MG1655
— -NC_014106 L. crispatus ST1 CP003685 P. furiosus COM1
NC_008526 L. casei ATCC 334 NC_012804 T. gammatolerans EJ3
NC_010554 P. mirabilis H14320 NC_011662 Thauera sp. MZ1T
NC_020515.1 B. trehalosi NC_011992 A. ebreus TPSY
NC_003198 S. enterica str. CT18 NC_002929 B. pertussis Tohama |
NC_000913 E. coli str. K-12 MG1655 NC_010554 P. mirabilis HI4320
01 NC_003197 S. enterica str. LT2 01 NC_003197 S. enterica str. LT2
NC_015761 S. bongori NCTC 12419 NC_003198 S. enterica str. CT18

Fig. 5.2 — Comparison of phylogenies using signals and sequences

(A) Phylogenetic tree reconstructed from downsampled whole genome signals
using Euclidean metrics and average linkage. (B) Phylogenetic tree reconstructed
from 16S rRNA genes using proportional sequence distance and average linkage.
Color-coding distinguishes between different bacterial classes: Bacili (yellow),
Betaproteobacteria (red), Gammaproteobacteria (green), and Thermococci (blue).
Me and my colleagues presented this analysis in study by Sedlar et al. [71]

Although the average length of a five Mbp genome signal after downsampling
by DWT at 14™ level is around 300 samples (16384x shorter than the original signal),
hierarchical clustering distinguishes among particular taxonomic classes of bacteria.
On the contrary, the standard sequence clustering method using 16S rRNA genes, whose
length is around 1600 bp, leads to phylogenetic tree with clusters containing more than
one bacterial class, see Fig. 5.2.
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Metagenomic signal binning

Cumulated phase signals have a linear character. Although whole bacterial genome
signals are formed by two or more linear parts with breaks, random short parts of
genomes are almost linear without any breaks. Therefore, a value representing the slope
of a signal can be regarded as an extreme compression of such signal. At the same time,
the slope, or its absolute value, of signals from the same genome should be highly similar
and genome-specific. I examined this feature in the conference paper ’Signal Based
Feature Selection for Fast Classification of Sequences in Metagenomics’ [72]. In that
study, I reconstructed unique vectors that fully represent the original DNA sequences
using only slope values. Except for cumulated phase signals, I used unwrapped phase
signals that also have a linear character. Theoretically, both of these signals have three
different variants according to used projection of nucleotide tetrahedron (R-Y and S-W,
R-Y and M-K, S-W and M-K). However, unwrapped phases signals representing S-W
and M-K are identical to R-Y and M-K signals from their definition. Therefore, only
five different slope values can be calculated for every sequence.

For five selected genomes of four species (E. coli, C. C. ruddii, G. obscurus,
R. prowazekii), 500 reads were simulated as random fragments selected from the
genome. Different variants of feature vectors were examined as various combinations
of slope values were utilized. These vectors were binned using Ward’s hierarchical
clustering and Euclidean metrics. The best results were obtained for feature vectors of
four values. The slope of cumulated phase representing R-Y and S-W chemical
properties was omitted as its inter-species resolution is almost zero. The example of
cumulated phase signals with (S-W and M-K) and without (R-Y and S-W)
discriminative information is shown in Fig. 5.3.
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Fig. 5.3 — Slopes of cumulated phase signals

Cumulated phase signals for randomly selected sequences from the test dataset
presenting (A) S-W and M-K information (B) R-Y and S-W information.
I presented this analysis in study by Sedlar [72].
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The proposed technique was unable to distinguish between different strains of
the same species. This is not an issue, as there is not enough information in short
sequences to compare particular strains. Satisfactory results were obtained also for

different lengths of simulated reads, see statistics summary in Tab. 5.1 and Tab. 5.2.
Tab. 5.1 Statistics for slope binning (sensitivity and specificity)
500 bp 1000 bp 5000 bp

Organism
Sensitivity ~ Specificity ~ Sensitivity = Specificity ~ Sensitivity  Specificity
E. coli 98,28 94,64 99,78 93,63 99,90 99,60
C. C.ruddii 75,00 98,14 97,45 97,98 100,00 99,21
G. obscurus 99,80 99,60 99,40 99,95 100,00 100,00
R. prowazekii 74,29 92,08 77,67 99,31 95,78 99,95
Average 86,84 96,12 93,58 97,72 98,92 99,69

Tab. 5.2 Statistics for slope binning (precision and recall)

500 bp 1000 bp 5000 bp
Organism
Precision Accuracy Precision Accuracy Precision Accuracy

E. coli 91,60 96,00 89,80 95,84 99,40 99,72
C. C.ruddii 93,00 92,40 91,80 97,88 96,80 99,36
G. obscurus 98,40 99,64 99,80 99,84 100,00 100,00
R. prowazekii 67,60 88,84 97,40 93,88 99,80 99,08
Average 87,65 94,22 94,70 96,86 99,00 99,54

Although the results seem to be very promising, the diversity of the test dataset
is extremely low. The accuracy of the slope binning for real datasets is questionable, yet
from the nature of the method comparable to composition based binning techniques
using simple parameters like GC content. The main advantage of the method is
the length of the feature vector. Vectors of four values can be easily binned using almost
any technique for hierarchical or non-hierarchical clustering or any machine learning
and datamining algorithms, including Twister Tries [73] with linear time complexity.
On the other hand, data cannot be directly visualized due to four dimensions.

The analyses of genomic signals summarized in paragraphs above utilized
cumulative information of cumulated and unwrapped phase and presumed that a whole
genome is one period of an infinite periodic signal. In fact, this periodicity is caused by
cumulating purines and pyrimidines that tend to be balanced according to the second
Chargaff’s rule. Thus, the signal of a whole genome can be considered as a stationary
signal. This presumption is not met for random chunks of a genome where purine and
pyrimidines are not balanced and cumulated signals have a slope. When the slope is
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omitted, i.e. a phase signal is used, the signal seems to be chaotic and non-stationary.
Possibly, only slight periodicities may occur to the naked eye. Nevertheless, these
periodicities are genome-specific and may be described by techniques for non-stationary
signal processing. As phase signals representing R-Y and S-W chemical properties are
similar to EEG signals, utilization of Hjorth descriptors seems to be ideal.

I presented the idea of metagenome visualization by Hjorth description in
Falling Walls Lab competition. The winning idea of Falling Walls Prague 2016 is based
on the projection of metagenomics sequences into 3D space using three Hjorth
descriptors: activity, mobility, and complexity. The visualization of the metagenome
dataset EqualSet01 defined by Laczny et al. [74] is shown in Fig. 5.4.
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Fig. 5.4 — Visualization of a metagenome using Hjorth descriptors
Visualization of EqualSet0]1 metagenome using Hjorth descriptors extracted from
phase R-Y and S-W representation of 5,000 bp long fragments.

Unlike the visualization using dimensionality reduction of k-mer frequencies,
the visualization using Hjorth descriptors is deterministic and maximally efficient
(linear time complexity). Finally, the transformed data in which every sequence is
represented by the vector of three values can be automatically binned by any technique.
The results with very high accuracy (89.17% - 99.84%) can be achieved by clustering
using Gaussian mixture model combined with expectation maximization algorithm as
proved in the diploma thesis ‘Methods for fast sequence comparison and identification
in metagenomic data’ I have supervised by Kristyna Kupkova [75].
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Nanopore data processing
Squiggles, native nanopore sequencing signals, are current signals similar to other
biological signals including EEG. They can be directly processed by Hjorth descriptors
as me and my colleagues presented using synthetic metagenome [76], see Fig. 5.5.
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Fig. 5.5 — Visualization of synthetic nanopore metagenome

Visualization of PRJEB8716 using Hjorth descriptors extracted from squiggles
produced by Oxford Nanopore MinION device. Color-coding distinguishes signals
from different species. My colleagues and I presented this analysis in poster by
Kupkova et al. [237].

5.3 Summary

The methodology and results presented in the fifth chapter corresponded to the second
objective of the thesis — to develop a signal processing method for whole metagenome
shotgun sequencing data binning.

While genomic signal processing is an established field of bioinformatics,
standard character processing techniques are still much more developed. On the other
hand, signal processing demonstrated great efficiency for comparison of organisms by
sequence alignment dependent as well as alignment independent techniques. Yet, GSP
was not utilized in metagenomics until now. The key for its successful application lies
in filtering redundant information that does not contribute to species-specific patterns.
As analyses presented in this thesis showed, variants of phase signals utilizing chemical
similarities of nucleotides are highly redundant from short sequences of a single gene to
whole bacterial genomes. Thus, phase signals and their cumulated and unwrapped
variant have ideal features for fast comparison and identification of sequences in

metagenomes.
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CONCLUSION

It is 20 years since the term ‘metagenomics’ was introduced. During that time,
metagenomics underwent a massive development and differentiation into sub-
disciplines. Moreover, this rapid development of the field still persists and notes of
advancement are often scattered in various review papers. Therefore, in the theoretical
part of this PhD thesis, I decided to summarize basic facts regarding metagenomics in
order that follows typical analysis of a microbiome from my point of view. I tried to
explain the methods using graphic illustrations, examples, and case studies. A majority
of'illustrations was prepared exclusively for this thesis. Where it was possible, I included
examples from studies I authored or co-authored. In several cases, I used the most
relevant studies from the field. Except for metagenomics, I included chapter describing
computational background whose understanding is necessary for practical part of
the thesis that introduces novel methodology for processing microbial data and binning
of sequences in a metagenome.

The methodology for processing targeted sequencing data introduced in this
thesis presumes that OTU tables fully describe microbial networks formed by organisms
living in environments. Therefore, an OTU table can be regarded as a mathematical
graph. This thesis brings a unique method for transformation of an OTU table into
the form of a bipartite graph representing an analyzed microbial network. One partition
is formed by identified taxa and the other by analyzed samples. Transformation
preserves qualitative as well as quantitative information that is stored in edges of
the graph. The whole method is computationally efficient and allows processing of large
datasets thanks to utilization of fast algorithms for community detection.

The second area, based on whole metagenome shotgun sequencing, can be
understood as ‘true’ metagenomics because data contains a whole metagenome.
The most important step remains in binning, which means clustering of sequences into
bins represented by sequences from related genomes. The methodology for taxonomy
independent binning introduced in the thesis uses a genomic signal processing approach.
Although GSP is an established field of bioinformatics, its utilization in metagenomics
is completely new. The proposed methodology is the result of an analysis of phase
signals variants. These signals can efficiently filter redundant information that does not
contribute to binning. While cumulative signals codes this information into species-
specific slope, non-cumulative and non-stationary phase signals contains patterns that
can be revealed by Hjorth descriptors. Moreover, the proposed methodology can be
applied directly on nanopore sequencing data in the native form of current signals.
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