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Abstract

METAGENOMICS which utilises high throughput DNA sequencing is widely ap-

plied to study bacteria and viruses and their effects on their host environments.

Metagenomics involves collective sequencing of genetic material of the species in an en-

vironmental sample, subsequently requiring robust methods to elucidate the character-

istics of the species in the sample from the heterogeneous data.

A key step in learning the taxonomic diversity of a metagenomic sample is binning.

Binning refers to grouping the nucleotide sequences belonging to an individual or closely

related species. Identification of appropriate features and machine learning methods is

essential in binning a metagenome of many unknown genomes. A significant challenge

in binning metagenomic sequences is to bin a sample of closely related species. The thesis

addresses this challenge and proposes a new two-tiered workflow called Coverage and

composition based binning of Metagenomes (CoMet) for binning assembled sequences

(contigs) of a metagenomic sample. It is demonstrated that a combination of features

coupled with appropriate unsupervised learning methods can improve the precision in

binning while enabling characterization of more species in a metagenome of species with

similar genetic variants.

Species richness is a key species diversity measure which corresponds to the num-

ber of species in an environmental sample. Estimating species richness of a metagenome

of viruses (i.e. a virome) based on the reference data is challenging because of the lim-

ited amount of sequence data of viruses available in reference databases. A limitation

identified with the methods that do not rely on reference sequence data in estimating

species richness is the assumption of equal genome length for all the species in the sam-

ple. The thesis addresses this limitation by proposing a method to estimate species rich-
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ness from a virome considering the variability of the genome lengths of species in the

sample. The proposed method enables inference of genome lengths distribution from the

metagenomic sequence data in addition to estimating the species richness.

RNA-Seq refers to a set of techniques enabling the effective study of the transcrip-

tome. An application of RNA-Seq is differential transcript usage analysis (DTU) which

refers to inferring differences in expressions of multiple transcripts (isoforms) of a gene

across different conditions from the sequencing data generated in an experiment. A key

step in RNA-Seq data analysis is aligning the sequence reads to a reference sequence.

SuperTranscripts is an alternate reference sequence proposed mainly for analyzing or-

ganisms with no/incomplete reference sequences. The thesis explores the use of super-

Transcripts to test for DTU in organisms with good reference sequences and annotations.

Three definitions of counting-bins based on superTranscripts which are further used to

infer DTU in genes are considered. The results with simulated data of fruit fly and hu-

man demonstrate that superTranscripts enable the analysis of DTU in genes with better

control in False Discovery Rate (FDR) than the standard methods while not requiring

the prior estimation of isoform abundances. The analysis of real data demonstrates the

effectiveness of using superTranscripts to visualize the DTU in genes.
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Chapter 1

Introduction

True wisdom comes to each of us when we realize how little we understand about life, ourselves,

and the world around us.

-Socrates

DNA sequencing is the process of determining the nucleotide sequences in De-

oxyribonucleic Acid (DNA), the carrier of genetic information of an organism. It

has been a game changer in learning genetic codes and their manipulations occurring in

cells and cell populations.

The fast progress made in sequencing technologies is attributed to the invention of the

‘chain-termination technique’, commonly known as Sanger sequencing [25, 62]. Sanger

sequencing [62] and Maxam and Gilbert’s method [47] are two first-generation sequenc-

ing technologies. Significant advancements have been made in DNA sequencing tech-

nologies leading to the Next Generation Sequencing (NGS), also known as High Through-

put Sequencing (HTS). Examples of HTS instruments include 454/Roche, Illumina/Solexa,

ABI SoLiD and Pacific Biosciences, while Oxford Nanopore Technologies (ONT) are per-

haps most recently introduced sequencing instruments. [25, 46, 57]. In terms of read

lengths produced from various sequencing technologies, they range from 75 base pairs

(bp) (ABI SoLiD) to 40 kbp (Pacific Biosciences) [46]. HTS enables sequencing of large

amounts of DNA at a time in a cost-effective manner. This thesis focuses on data gener-

ated in two types of experiments involving high throughput DNA sequencing: Metage-

nomics and RNA-Seq.

Metagenomics involves collective sequencing of genetic material of multiple organ-

isms in an environmental sample [21]. Metagenomics is widely used to study the dynam-

ics of bacteria and viruses among themselves and their host environments [27]. RNA-Seq
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is often being used to quantify Ribonucleic Acid (RNA) material of a cell using high

throughput DNA sequencing. Such knowledge from RNA-Seq experiments is benefi-

cial in understanding the causes of functionality changes of a cell in different conditions,

which in turn assists in genetic functional analysis, biomarker identification and disease

pathogenesis.

Sequencing data generated from the mentioned experiments, which may originate

from multiple environments and multiple organisms, are inherently heterogeneous. Con-

sequently, the use of sequence data accumulated over the past may not be sufficient for

inferences on certain environments and organisms. Therefore, it is desirable to develop

computational methods that utilise observations for profiling sequence data. This is the

key motivation for the work of this thesis which focuses on following three research ques-

tions.

1.1 Research Focus

1.1.1 Research Question 1

How to separate nucleotide sequences belonging to an individual or closely related species in a

metagenome?

Motivation

Binning is a key step in taxonomic classification of metagenomic sequences. In simpler

terms, binning refers to determining the groups of sequences belonging to an individual

or a closely related species in a metagenome.

Most recent binning methods adopt unsupervised learning approaches. It is because

of their applicability in the cases where information on genomes from which the se-

quences originated from, is unknown. Among the limitations of the existing binning

methods is the need for a larger number of samples for higher performance because more

samples will increase the experimental cost. Current binning methods are also found to

be less robust on a sample of strains: genetic variants of the same species [28, 37, 41].
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Therefore, it is necessary to explore a data-driven method for binning a metagenome

which is robust on a sample of strains.

1.1.2 Research Question 2

How to estimate the total number of species in an environmental sample using virome data?

Motivation

Metagenomics is widely used to study viral communities as it allows the study of viruses

in a culture-independent manner. A metagenome of viruses is termed a ’virome’, and

virome data is used to study the ecology of viruses in multiple environments such as

oceans [14,18], soil [19,20] and the human gut [55,76]. One of the measures considered in

studying viral species diversity is the number of species, often termed ’species richness’.

Existing methods for estimating species richness from a virome have a number of

limitations. The amount of sequence data of viruses accumulated so far being limited,

the methods relying only on the sequence databases may not be effective on samples

with many unknown species [27]. Further, methods that are based only on experimental

virome data assume that the organisms in the sample have equal genome lengths. Con-

sequently, the accuracies of estimates from mentioned methods decrease when applied

for environments where that assumption does not hold valid [35].

Therefore, it is necessary to explore an approach for estimating species richness of an

environmental sample of viruses using virome data, that considers possible variations in

multiple characteristics of a viral community.

1.1.3 Research Question 3

Can a data-driven approach (superTranscripts) be used to test for differences in transcript usage

in model organisms using RNA-Seq data?
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Motivation

Transcriptome refers to the total messenger RNA (mRNA) in a cell or organism [30]. An

effective method for studying the changes in genetic mechanisms of a cell under different

conditions (e.g. healthy/diseased) is to study the transcriptome of a cell. Central dogma

of molecular biology is an interpretation of the genetic information flow between the

molecules, DNA, RNA and Protein. It states that the general transfers in protein synthe-

sis are RNA synthesis from DNA via ’transcription’ and protein synthesis from the RNA

via ’translation’ [15]. Different circumstances may result in changes in the transcription

process, leading to changes in the transcriptome of a cell under different conditions. Con-

sequently, profiling changes in the transcriptome can be used as a proxy for studying the

responses of a cell under different conditions.

RNA-Seq is a technology that has massively benefited from HTS technologies and

is widely used to study transcriptome. A significant problem in profiling the transcrip-

tomics data is determining the genes with differences in the relative expressions of their

transcripts: differential transcript usage (DTU). Transcription is a complex and hetero-

geneous process, and the reference data of an organism may not precisely capture the

transcripts observed in a sample that is subsequently used to test for DTU of a gene.

Consequently, it is desirable to explore data-driven approaches utilising the experi-

mental data to test for DTU from the RNA-Seq data.

1.2 Contributions

The major contributions of the thesis are as follows.

1. Publication of a workflow for binning assembled sequences of a metagenome namely

Coverage and composition based binning of a metagenome (CoMet). This ap-

proach is a two-tiered work flow utilising both coverage and compositional features

extracted from the assembled metagenomic sequences and incorporating appropri-

ate unsupervised learning methods for binning. The proposed method is shown to

improve the precision of binning and to be robust on a sample of strains. This work

is included in its published form in Chapter 3.
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2. An evaluation of two methods for estimating species richness from a virome in-

cluding ENVirT [35] based on simulated data representing viromes of multiple vi-

ral communities. This work has been included in the published work on ENVirT

[35], as detailed in Chapter 4- Part 1.

3. Working of a method to estimate species richness of an environmental sample con-

sidering the possible variations in genome lengths and relative abundances of species.

This work includes formulation and solution of an optimisation problem based on a

model for observed data considering those variations. The solution includes an esti-

mate of species richness and also enables inference of variations in genome lengths

and relative abundances. This work is detailed in Chapter 4- Part 2.

4. Development of an alternative approach for defining the alignment of exonic se-

quences based on an existing data-driven method (superTranscripts). It considers

the reference data of model organisms and subsequently is used to test for DTU of a

gene from RNA-Seq data. This work presents a comprehensive evaluation of mul-

tiple count-based methods to test for DTU on human, drosophila and arabidopsis

thaliana. This study is presented in Chapter 5.

1.3 Thesis Outline

Chapter 1 provides a broad introduction of the thesis. In Chapter 2, literature related to

methods for profiling HTS data generated in metagenomic and RNA-Seq experiments

in the context of contributions of the thesis is reviewed. Chapter 2 includes a literature

review on methods for estimating species richness using virome data in its published

form. Chapter 3-5 present details of work mentioned in section 1.2. Finally, concluding

remarks including directions for further research are outlined in Chapter 6.
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Chapter 2

Background and Literature Review

When we try to pick anything out by itself, we find it hitched to everything else in the universe.

-John Muir

ADVANCEMENTS in DNA sequencing technologies have accelerated the studies

of multiple biological processes and organisms. Two technologies enabling such

studies that involve high throughput DNA sequencing are metagenomics and RNA-Seq.

This thesis contributes in handling the challenges in inferring from the heterogeneous

sequencing data generated in those experiments. This chapter introduces metagenomics

and RNA-Seq, and reviews the related work in the context of the research questions ad-

dressed by this thesis. The review of existing work on estimating species richness using

virome data is presented in Section 2.3 in the following published form.

Herath, D., Jayasundara, D., Ackland, D., Saeed, I., Tang, S. L., and Halgamuge, S. (2017).

Assessing Species Diversity Using Metavirome Data: Methods and Challenges. Compu-

tational and structural biotechnology journal, 15, 447-455.

For completeness, related work done between times of above review and the writing

of the thesis is outlined in section 2.2.2.

The knowledge of genetic functionalities of multiple organisms including microbes

under different environments has found applications in multiple areas such as health,

agriculture, and biotechnology. Advancements in DNA sequencing technologies have

been vital in gaining that knowledge. Two fields of studies that are made possible by

high throughput DNA sequencing technologies and are effectively being used to learn

about genetic functionalities of multiple organisms are metagenomics and RNA-Seq. A

characteristic inherent to both these areas is the heterogeneity of the data generated in

mentioned experiments.
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2.1 Metagenomics

Metagenomics refers to the experimental and bioinformatic methods which enable culture-

independent analysis of microbes in an environmental sample. It mainly includes un-

targeted sequencing of all microbial genomes in the sample [56]. The collection of ge-

nomic sequences of all the species in an environmental sample is termed a ’metagenome’.

The advancements in high-throughput DNA sequencing and analyzing techniques made

metagenomics a quite widely practiced method for analyzing microbial communities in

environments, such as the human gut [32, 55, 76] the soil [49] and the ocean [9, 80] .

Metagenomics enables answering three central questions in describing the structure

and function of microbial communities. They are:

1. Who: This refers to the question ’Who is there?’ and identifying the different

species present in the sample will answer this question.

2. How many : This refers to determining a measure of diversity of microbes in a

sample providing an answer for ’How many different species are present?’.

3. What : This refers to understanding what are the functionalities of different species

present in the sample answering the question ’What are they doing?’

A detailed description on all the steps involved in a metagenomics experiment is given by

Thomas et al. [71]. The main steps in a metagenomic experiment are DNA extraction and

fragmentation, DNA sequencing and bioinformatic analysis. The bioinformatic analysis

step includes data preprocessing and analysis and demands robust methods for inferring

from the heterogeneous data generated in the metagenomic experiment.

2.1.1 Metagenomic sequence binning

The sequencing data generated in a metagenomic experiment stem from genetic mate-

rial of multiple species. Consequently, inferring the species present in a metagenome

and constructing their genomes are complex tasks. Binning is a key step in elucidating

’who’ (which species) is present in a metagenomic sample. In a metagenomic experiment
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involving shotgun sequencing, binning refers to separation of nucleotide sequences be-

longing to individual or closely related genomes in to groups, with the objective of learn-

ing taxonomic diversity profile of an environmental sample [45]. Generally, sequence

binning is a subsequent step to sequence assembly [10, 56, 71], but binning may be con-

ducted prior to assembling reads to improve the assembly process [71].

As the size and complexity of the experimental data is increased multiple approaches

are being adopted in metagenomic sequence binning and have been extensively reviewed

[45, 54]. Binning methods can mainly be categorized into two as taxonomy dependent

and taxonomy independent methods. In taxonomy dependent methods, sequences are

binned based on reads similarity to known sequences curated in databases or using clas-

sification models built based on reference sequence data (e.g. [48, 52, 64]. Taxonomy

dependent methods assist in profiling taxonomic diversity of known genomes, but are

less effective in analysing samples with many unknown genomes. In contrast, taxonomy

independent methods bin sequences without considering the reads similarity to refer-

ence databases and based on dis-similarities observed within sequences instead. Conse-

quently, taxonomy independent methods may be effectively used to bin environmental

samples which consist of many unknown genomes [60].

Taxonomy independent binning methods consider multiple features to group sequences.

They can mainly be categorised into two, namely sequence composition and relative

abundance based methods. In addition, some recent binning approaches utilise both

sequence composition and relative abundances of species for binning. Sequence com-

position based methods extract features from the nucleotide sequences or the assem-

bled sequences (i.e. contigs). Two compositional features that are being identified to

be beneficial in discriminating species are guanine–cytosine (GC) content and tetranu-

cleotide frequencies. GC content is considered to be related with differences observed

among species such as the differences in temperature optimum and tolerance range [50]

and has been used in binning [60]. Nucleotide frequencies which refer to the higher or-

der base composition statistics of the sequences are also considered as species-specific

signatures, and tetranucleotide frequencies are specifically used to discriminate species

[3, 36, 41, 50, 60, 70].
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In addition to the compositional features, the relative abundance of species or its ge-

nomic fragments has been used to discriminate species. It may be inferred from the

sequence coverage [1] or the q-mer frequency of the reads [78, 82]. Alternatively, hybrid

approaches use both genomic composition and coverage [3, 33, 36], and/or consider dis-

similarities observed among species as well as incorporate features relating to known

sequence data [41].

Identifying genomic signatures that may be used to discriminate species and adopt-

ing appropriate clustering methods are vital in improving the performances of taxonomy-

independent binning methods. Machine learning methods that have been incorporated

in metagenomic sequence binning have been extensively reviewed [67]. Clustering meth-

ods adopted in binning methods are agglomerative hierarchical clustering, k-means clus-

tering, K-medoids clustering and model-based clustering etc [29, 67]. However, the ap-

plicability of some existing binning methods may be limited by parameter initialization

and the need to specify the number of bins (k) [36, 82]. Moreover, clustering methods

that are prone to outliers may require stringent outlier filtering for improved precision,

consequently reducing the number of contigs binned [60].

Contig coverage has been used to bin multiple metagenomes before [1]. Further-

more, binning sequences from multiple metagenomes based on relative abundances and

genomic composition related features have been proposed [67] . A recent method, MyCC

[41] incorporates both contig composition and coverage information coupled with marker

genes data in binning. MyCC is shown to yield higher precision in binning multiple

metagenomes than the methods using both compositional and coverage features inferred

from multiple metagenomes, such as CONCOCT and MetaBAT [3, 36, 41]. MyCC is

demonstrated to be effective in binning a metagenome, yet its precision may be decreased

with a sample of multiple strains [41].

2.2 Methods for Estimating Species Diversity Measures using
Virome Data
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A B S T R A C T

Assessing biodiversity is an important step in the study of microbial ecology associated with a given envi-
ronment. Multiple indices have been used to quantify species diversity, which is a key biodiversity measure.
Measuring species diversity of viruses in different environments remains a challenge relative to measuring
the diversity of other microbial communities. Metagenomics has played an important role in elucidating
viral diversity by conducting metavirome studies; however, metavirome data are of high complexity requir-
ing robust data preprocessing and analysis methods. In this review, existing bioinformatics methods for
measuring species diversity using metavirome data are categorised broadly as either sequence similarity-
dependent methods or sequence similarity-independent methods. The former includes a comparison of DNA
fragments or assemblies generated in the experiment against reference databases for quantifying species
diversity, whereas estimates from the latter are independent of the knowledge of existing sequence data.
Current methods and tools are discussed in detail, including their applications and limitations. Drawbacks
of the state-of-the-art method are demonstrated through results from a simulation. In addition, alterna-
tive approaches are proposed to overcome the challenges in estimating species diversity measures using
metavirome data.

© 2017 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Most viruses in the environment exist in the form of parasites
that infect prokaryotes and hence are frequently termed phages or
bacteriophages. Recent studies [1,2] have shown that despite being
identified as parasites, viruses may have symbiotic relationships that
are beneficial to the host as well. Viruses represent the most abun-
dant biological entity in the biosphere with an estimated phage
population of ~1031 [3]. Many microbiological experiments con-
ducted in the past highlight the effect that viruses have on different
processes in our biosphere. Examples include their effects on food

* Corresponding author at: Department of Mechanical Engineering, University of
Melbourne, Parkville, Melbourne 3010, Australia.

E-mail address: damayanthi@ce.pdn.ac.lk (D. Herath).

web and organic carbon flow in the oceans [4], and population
structure of bacterial communities in the human gut [5,6]. The influ-
ence of viruses on driving ecological functionalities and evolutionary
changes of prokaryotes has been previously highlighted, as well as
the effect of viruses on the gene transfer across species [7]. One
study [8] has illustrated the connection between the diversity of
viruses and climate change with eight case studies, concluding that
viruses are significantly influenced by climate change and in turn, are
affecting biological processes contributing to climate changes. These
studies stress the importance of studying viral ecology in different
environments.

The conventional method of analysing the behaviour of viruses
involves infecting them into cultured prokaryotic hosts. Such
culture-dependent approaches are limited in applicability because a
large number of microbial hosts have not been cultured [9]. One way
of studying microbes in a culture-independent manner is the use of

https://doi.org/10.1016/j.csbj.2017.09.001
2001-0370/© 2017 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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taxonomic marker genes like 16S ribosomal RNA gene (16S rRNA)
that are conserved in genomes of all the species being studied [10].
However, due to the absence of such a conserved genomic region, the
traditional marker genes based methods such as Polymerase Chain
Reaction (PCR) and Fluorescence in situ hybridization (FISH) cannot
be used to study viruses [9].

The emergence of Metagenomics helped in overcoming these
challenges in studying the dynamics of viruses in different environ-
ments. Metagenomics refers to the biotechnological and bioinfor-
matics methods involved in culture-independent analysis of genetic
material of all microbial organisms in an environmental sample. A
metagenome is the collection of genomic sequences of all the organ-
isms in a given environment [9]. Advancements in high-throughput
DNA sequencing and assembling techniques [11–13] have made
metagenomics a popular approach for studying microbial ecology.
The major steps involved in a metagenomics study have been
previously reviewed [14] and include sample collection; extrac-
tion of DNA and removal of unwanted genetic material such as
proteins, organelles and membranes; fragmentation of DNA using
enzymes or mechanical techniques; sequencing of DNA; and bioin-
formatic analysis [14]. Metagenomics have a range of applications
such as production of novel enzymes, discovery of new antibiotics
and production of biosurfactants [15] and metagenomics related
researches are being conducted around the world [16]. Moreover,
metagenomics is expected to be highly effective in enteric disease
diagnostics [17]. Bioinformatic analyses conducted on metagenomic
data helps in expanding our knowledge on microbes in terms of
taxonomic profiles, metabolic pathways and inter-species interac-
tions etc. [18].

A metagenome of a viral population is termed a ‘metavirome’ [19].
The first metavirome study was an experiment carried out to
study the ecology of viruses in marine environments using samples
extracted from the two oceans Scripps Pier, CA and Mission Bay,
San Diego. [20,21]. Thereafter, many studies have been conducted to
analyse metaviromes of samples collected from different environ-
ments such as sea water [20,22], marine sediments [23], soil [24],
human faeces [25,26] and the human gut [27–29].

Biodiversity is an important ecological parameter in understand-
ing the dynamics of a given environment as there is a strong
relationship between biodiversity and the stability of an ecosys-
tem [30]. It can be quantified in three ways: a-diversity referring to
the diversity of a given sample or environment, c-diversity quantify-
ing the collective diversity of multiple environments and b-diversity
capturing the difference in diversity among environments [31].
Implications of a, b and c diversities have been reviewed compre-
hensively [32,33]. One aspect often considered in a metagenomics
study is a-diversity which is also termed ‘species diversity’.

The definition of a virus species has been debated [34,35], and is
being updated [36]. Generally, the term species is used to refer to
the lowest category in biological classification; however, whether
the term species should be referred to an individual entity or an
abstract class or category remains debated [35]. Initially, the con-
cept of species was considered to be not applicable for viruses
because the early definition of species as groups of interbreeding
natural populations which are reproductively isolated from other such
groups, may not be related to viruses [34]. The International Com-
mittee on Taxonomy of Viruses (ICTV) which acts as the body
responsible for maintaining the virus taxonomy [37], has accepted
the formal definition of a virus species as “a polythetic class of
viruses that constitutes a replicating lineage and occupies a particu-
lar ecological niche” [34,38]. A polythetic class consists of members
having multiple properties in common, but may not be defined
by a single property [39]. Metagenomics can help in obtaining the
assemblies of complete genome sequences of new viruses, however
the obtained assemblies may lack information of their biological
properties raising the concern how to define a virus species based on

metagenomics data [36]. The term viral genotype has been used in
the first metagenomic experiment of viruses [20] referring to in sil-
ico conditions, assuring that sequences of different phage genomes
may not assemble together [20,40]. The complexities in defining
taxonomy of viruses as mentioned have been reviewed comprehen-
sively [35] and implications of metagenomics in defining taxonomy
of viruses is well documented [36]. In 2016, ICTV endorsed a proposal
made to classify viruses solely based on metagenomics sequence
data. This proposal recommends retaining the ICTV definition of
a virus species and using biological characteristics that may be
inferred from sequence data such as genome organization, replica-
tion strategy, presence of homologous genes and host range or type
of vector [36].

Alternative approaches to quantify biodiversity instead of mea-
sures of species diversity have been proposed [41,42]. An example
is the suggestion to use statistical properties of communities with
straightforward biological interpretations [41]. However, as far as
metavirome studies are considered, estimation of species diversity is
a key step in the bioinformatics analysis pipeline [43]. As far as viral
communities are considered, species diversity indices may be used
to answer a number of questions. Examples include: use of species
diversity estimates to learn the relationship between species rich-
ness and range size distributions in plants [44,45], demonstration of
factors leading to the differences between the ambient and induced
viral communities [46] considering species diversity of viruses,
and prediction of zoonotic potential of mammalian viruses [47],
modelling predator-prey dynamics based on rank-abundance distri-
butions [48], use of evenness indices to determine factors affecting
horizontal gene transfer and functional microbiome evolution in
chicken cecum microbiome [49].

This review summarises the existing bioinformatics methods
and tools for quantifying viral diversity from metavirome data.
The widely considered species diversity measures in metavirome
studies are defined and described in brief. The existing methods
for estimating viral diversity measures are reviewed comparatively
and their limitations are identified. Furthermore, possible alterna-
tive approaches are proposed to address the limitations in existing
methods. Previous reviews have summarised various bioinformatics
strategies used in existing methods for studying viruses [50,51]. This
review discusses further methods for measuring species diversity
from metavirome data with comparisons between them.

2. Common Measures of Viral Diversity

Three commonly used species diversity measures in previous
metavirome studies are species richness, Shannon-Wiener index
and evenness. They represent the key quantitative species diver-
sity measures: species richness, heterogeneity and equability [52].
The rank-abundance distribution and the relative abundances of
genomes have also been considered (e.g.: [20,53-55]).

Species richness is the total number of species in a popula-
tion and is estimated from a sample, a representative subset of the
population. While two environments may have equal species rich-
ness, if some species are dominant in number in one environment
(i.e. less diverse) these two environments should be considered as
different in diversity. Evenness captures how uniformly the species
are distributed in number in an environment and is related with the
relative abundances of species. If there are ni number of individuals

from ith species, its relative abundance, fi = ni

/
M∑

i=1
ni where M is

species richness. Heterogeneity measures combine species richness
with evenness [52]. A commonly used heterogeneity measure is
the Shannon - Wiener index. Shannon - Wiener index [56] consid-
ers both species richness and relative abundance and is defined as

H′ = −
M∑

i=1
fi ln fi.
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The equability indices are used to quantify the evenness of a
community [52]. An example is Pielou’s evenness. It is defined as
H/Hmax, where H is a selected heterogeneity measure for the sam-
ple and Hmax is the maximum possible value for H. For example,
considering the Shannon - Wiener Index H′, evenness is calculated as
Evenness = H′/ln M [57].

The underlying community structure is also frequently
considered when studying diversity of an environment. The rank-
abundance curve (also termed Whittaker plot) [58] is one way of
visually representing the community structure based on the relative
abundances of the species. On a rank-abundance plot, relative
abundances of species are plotted against their abundance ranks.
Abundance rank is determined by sorting the species based on their
relative abundance and ranking them in decreasing order.

A set of methods has been proposed and implemented as tools
to address the problem of estimation of viral diversity. An extensive
review of statistical models and methods based on sampling theory
for measuring the number of different classes (i.e. species richness)
in a sample has been previously published [59]. This review suggests
multiple approaches for estimating species richness including the
use of parametric models, estimators of sample coverage and re-
sampling methods etc. The models and methods developed based on
those suggestions [60–63] are being used to analyse bacterial popu-
lations [62,64] and metaviromes [63] as discussed in the next section.
However, due to the nature of fragment sampling methods employed
in next generation sequencing when generating metaviromes, most
of the mentioned suggestions cannot be readily used to analyse viral
populations.

3. Methods for Measuring Species Diversity From Metavirome
Data

Different strategies have been employed to measure viral
diversity and assess their underlying community structure with
the effective application of metagenomics in the study of viral
populations. A summary of existing tools is given in Table 1 includ-
ing species diversity measures that can be estimated using each tool.
All these methods estimate species diversity measures from a given
environmental sample using metagenomic sequences or assembled
sequences (contigs) as the input (Fig. 1).

The existing techniques can be categorised into two as sequence
similarity-dependent methods and sequence similarity-independent
methods. The sequence data of viruses identified from previous
metagenomics studies have been populated in public databases such
asNationalCenterforBiotechnologyInformation(NCBI)[65],viralRef-
Seq database (https://www.ncbi.nlm.nih.gov/genome/viruses) and
METAVIR [66] server (http://metavir-meb.univ-bpclermont.fr/). The
sequence similarity-dependent methods employ the data available in
these reference databases. They estimate species diversity measures
based on the results of a similarity comparison between sequences
generated in the experiment and the sequences of already known
genomes. In contrast, the sequence similarity-independent methods

are based on statistical modelling of observed data and do not utilise
comparisons with known sequences.

4. Sequence Similarity-independent Methods

The common strategy followed in sequence-similarity indepen-
dent methods is to statistically model the observed data. The
observed data that have been utilised in these methods is the ‘contig
spectrum’. A set of overlapping genome sequences is termed a
‘contig’ and a contig spectrum is a vector where ni, the ith element
denotes the number of contigs with i overlapping sequences. Contig
spectrum can be determined from sequence assembly data that
are available subsequent to shotgun cloning and DNA sequencing.
Two tools have been implemented for measuring viral diversity in
a sequence-similarity independent manner, namely PHACCS (PHAge
Communities from Contig Spectrum) [67] and CatchAll [71]. A virus
species is defined as a genotype in PHACCS [67] and a distinct group
of viruses is considered as a species taxa in CatchAll [71].

A key strategy employing contig spectrum for viral diversity
estimation is to firstly derive a model for the expected contig spec-
trum based on Lander-Waterman model for genome sequencing [72]
considering different rank-abundance curve forms. Next, the model
parameters, including the parameters of the assumed functional form
of rank-abundance, giving the least error between expected and
observed contig spectra can be estimated using maximum likelihood
estimation and are used to calculate the species diversity measures.
This strategy was first introduced in the metavirome study con-
ducted to analyse the samples extracted from two oceans, Scripps
Pier, CA and Mission Bay, San Diego [20] considering two rank-
abundance curve forms (power-law and exponential) for estimations.
Subsequently, a metavirome of a human faecal phage community
has been analysed similarly assuming a power law distribution as
the rank-abundance curve form [25]. When using this method, high
stringency ought to be employed in sequence assembly conditions
to ensure that a given contig occurs from the sequences belonging
to the genomes of same phage or quite similar types [20]. Moreover,
an assumed value is used for average genome length when deriving
the model for expected contig spectrum. Later, this methodology has
been implemented in the software, PHACCS [67].

PHACCS has been used in a number of metavirome
studies [27,67,73-75] and may be considered as the state-of-the-art
method. It can be used to estimate the species richness, evenness,
Shannon-Weiner index and the parameters of the rank-abundance
distribution. The user inputs required by PHACCS are the experimen-
tal contig spectrum, average genome length of the sample and a set
of parameters related to sequencing and assembly (i.e. the number
of DNA fragments being studied, the average DNA fragment size and
the minimum overlap length considered in sequence assembly). An
expression for the expected contig spectrum based on these input
parameters is derived from a parametric model similar to [20].
PHACCS considers six rank-abundance curve forms in the computa-
tion and the best fitting parameters giving the least error between

Table 1
Summary of existing tools for estimating species diversity measures in metavirome studies.

Tool Estimated species diversity measures Published in Resource

Sequence similarity- independent methods PHACCS (20) Species richness 2005 https://sourceforge.net/projects/phaccs/
Shannon-Wiener index
Evenness
Rank-abundance distribution

CatchAll [63] Species Richness 2012 http://www.northeastern.edu/catchall/
Sequence similarity-dependent methods UCLUST [68] Clusters of similar sequences 2010 http://www.drive5.com/usearch/

GAAS [55] Genome relative abundance 2009 https://sourceforge.net/projects/gaas/
GRAMMy [69] Genome relative abundance 2011 http://meta.usc.edu/softs/grammy/
GASiC [70] Genome relative abundance 2012 https://sourceforge.net/projects/gasic/
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Fig. 1. A schematic diagram summarising the stages where existing tools for measuring viral diversity can be integrated in a metagenomics data analysis pipeline.

experimental and estimated contig spectra are calculated using
maximum likelihood estimation. It provides a visualisation of com-
munity structure and the error details associated with the estimates.
PHACCS may be regarded as the only tool facilitating estimation of all
three aforementioned species diversity measures and visualisation
of community structure of a metagenomic sample of viruses.

A method to estimate the species richness of a microbial com-
munity based on the frequencies of selected operational taxonomic
units (OTU) s, named CatchAll [62] has been later adopted to estimate
viral richness [63,71]. In this approach, as the viruses lack a univer-
sal phylogenetic marker gene, frequencies of the contigs with a given
number of overlapping sequences are used instead of the frequencies
of OTUs [63,71]. In the original approach of CatchAll, the observed
frequency distribution of OTUs is first fitted into a set of parametric
finite mixture models and coverage-based non-parametric models.
Next, the species diversity measures are estimated from the best
model (i.e. the model with the least error) from each (i.e. para-
metric and non-parametric models) and the overall best model. In
addition to calculating the species richness estimates, CatchAll tool
provides graphical representations of the corresponding parametric
model, a performance comparison of different estimators consid-
ered and standard errors, confidence intervals, and goodness-of fit
assessments associated with the estimates. Two differences between
CatchAll and existing tools for calculating coverage-based nonpara-
metric estimates have been identified [62]. Firstly, CatchAll can be
used to determine the variation of estimates from coverage-based
non-parametric model as more frequency counts are included in

the data. Secondly it implements algorithms to compute standard
errors and confidence interval values of the estimates with a higher
accuracy than the other methods [62].

The use of CatchAll to estimate species richness of a metavirome
using contig spectrum data has been proposed with CatchAll version
3.0 [63,71]. The best overall estimate of species richness is given after
computing twelve different estimates and assessing their errors [63].
The number of overlapping sequences observed y, is plotted against
the number of overlapping sequences x, and the distribution is anal-
ysed to predict an estimate including the number of unobserved
species, i.e. y value at x = 0. To improve the accuracy, a discounted
estimate is calculated by adjusting the component with the highest
frequency in the selected model.

A notable distinction between PHACCS and CatchAll is that
PHACCS considers rank-abundance curve, while CatchAll considers
the frequency count curve. Another distinction between PHACCS and
CatchAll is that in parametric estimation of species richness, CatchAll
considers the number of unobserved species which is calculated by
curve fitting and projection. A comparison of richness estimates from
CatchAll and PHACCS using 21 metaviromes from different environ-
ments demonstrate that estimates from CatchAll are consistent across
thesamples fromsimilarenvironmentsandarehigherthanthosefrom
PHACCS [71]. Examples of applications of CatchAll to estimate viral
richness are analysis of metaviromes from aquatic systems [76,77] and
rumen microbiome [78]. An evaluation using 100 simulated metavi-
romes has shown that PHACCS outperforms CatchAll in estimation
accuracy [79]. This evaluation is discussed in more detail in Section 7.
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5. Sequence Similarity-dependent Methods

Sequence similarity-dependent methods estimate the species
diversity measures utilising sequence data available in reference
databases. Firstly, the sequence reads generated in the experi-
ment are compared against known genome sequences and their
similarities are measured. Subsequently, measured similarity values
are used to estimate species richness and relative abundances of
known genomes within the sample. The tools, GAAS (Genome rela-
tive Abundance and Average Size) [55], GRAMMy (Genome Relative
Abundance estimates based on Mixture Model theory) [69], GASiC
(Genome Abundance Similarity Correction) [70] and UCLUST fall
under this category (Table 1). All these methods separate sequences
into clusters based on the nucleotide sequence similarity.

The BLAST algorithm is a widely used method for similarity
searching between metagenomics reads and known genome
sequences [80]. A parameter termed ‘E-value’ quantifies the signifi-
cance of the similarity measures obtained by BLAST [81]. GAAS [55]
tool introduces three steps to eliminate the limitations in conven-
tional BLAST-based sequence comparisons and the biases that can
be introduced in a BLAST search. First, only the sequences with a
strong similarity to the reference sequences are considered based
on maximum E-value, minimum similarity percentage and mini-
mum relative alignment length. Second, the similarities are weighted
based on the lengths of target genomes. Through normalisation
based on the genome length, GAAS enables the consideration of
single-stranded-RNA (ssRNA) viruses which are smaller, in the anal-
ysis. Thereby, GAAS improves the accuracy in estimating genetic
diversity over a method based on conventional BLAST search [55].
The relative abundances of sequences in a metagenomic library is
proportional to both the relative abundances and the genome lengths
of the genomes in the sample [55]. Therefore, finally, the sum of
weighted similarity of each genome is further normalised by its
genome length to improve the accuracy of estimates. However, if a
sequence read maps to multiple reference genomes, GAAS assigns it
to a reference in an ad hoc manner. Consequently, the accuracy of
estimates from GAAS is reduced in the dominant presence of such
reads [69,70]. GRAMMY [69] suggests mapping reads in a probabilis-
tic manner, improving the accuracy of estimates of genome relative
abundance. However, the similarities among the reference genomes
could affect the accuracy of both GAAS and GRAMMY. GASiC [70]
improves the estimation accuracy by correcting this bias. In GASiC,
the initial abundances are estimated based on similarity to the ref-
erence genomes and then corrected based on similarities among
the reference genomes. Quantification of viral RNA is challenging
because many RNA viruses do not exist as a group of identical clones,
but as groups of closely related variants (termed clouds of quasis-
pecies [82]). The correction step based on similarities in reference
genomes in GASiC has been demonstrated to be effective in quantify-
ing viral RNA over considering only the reads similarity to reference
genomes, without the correction step [70].

GAAS tool has been evaluated on 99 metaviromes with a
similarity threshold less than that considered for bacterial, archeal
and eukaryotic metagenomes [55]. Results from a simulation
study have shown that the error in relative abundance estimates
from GAAS increased from 0.0756 to 0.563 when the number of
unknown species in the sample was increased from 0% to 80%.
This finding highlights the importance of a comprehensive reference
database.

Species richness can be estimated by identifying the number of
similar groups after clustering reads based on their similarity to
known genome sequences. Applicability of such strategies to esti-
mate viral richness has been evaluated in [79] using UCLUST. UCLUST
is a tool for fast sequence comparison and can be used to identify
the number of similar groups based on read similarity [79,83]. A
faster sequence searching algorithm named USEARCH [83] is used in

UCLUST to select matching clusters for a given sequence. The heuris-
tic approach adopted in UCLUST identifies one or few better hits
faster than finding all the homologous sequences and it has been
shown to provide better results than BLAST [83]. The output from
UCLUST is a set of clusters of similar sequences and is an indicator of
the number of different species.

6. Software Implementations

Table 2 summarises implementation details of tools that have
been discussed in this review. It lists the input data required by each
tool and the programming language used. In addition, the operat-
ing system(s) that each tool supports and ways that they can be
executed, either via Graphical User Interface (GUI) or Command Line
Interface (CLI), are stated. All the tools are available as standalone
software packages and hence support integration of them into a
metagenomics analysis pipeline.

Both PHACCS and CatchAll require a contig spectrum vector
which can be computed after sequence assembly. In addition,
PHACCS requires the sequencing and assembly parameters used in
the experiment and a value for average genome length. If the latter
is not provided, a value of 50 kbp is used by default. PHACCS may be
executed from the command line and can also be deployed as a web-
based tool with a GUI. CatchAll is a standalone package and can be
executed either via the CLI or GUI. CatchAll may be considered more
user-friendly than PHACCS as it requires only the contig spectrum
vector.

UCLUST, GAAS, GRAMMy and GASiC require the metagenomics
reads as the input. Since they implement sequence similarity-
dependent strategies, they also require a database of reference
genome sequences. They all provide execution from the command
line only. Since GAAS can be used to estimate a value for average
genome length, it can be integrated with PHACCS as a pre-step in
estimating species diversity measures from PHACCS. A schematic
diagram showing the steps where existing tools can be used in a
metagenomics study is shown in Fig. 1.

7. Limitations of Existing Methods

Both sequence similarity-dependent and sequence similarity-
independent methodologies discussed in this review pose limita-
tions. Moreover, the applicability of a given approach may depend
on the species diversity measures of interest. Use of contig spectrum
employing a frequency count approach for estimating species
richness as implemented in CatchAll has shown to result in richness
estimates that are order of magnitude higher than the actual rich-
ness [79]. The accuracy of existing approach of statistical modelling
of expected contig spectrum based on rank-abundance distribution
forms is affected by its assumption on genome length distribution.
Despite their limitations, approximations made using sequence-
similarity dependent methods are useful in comparative studies of
viral diversity in different environments [79]. Sequence similarity-
dependent approaches are mainly limited by the amount of available
reference genome sequence data. However, such approaches may
effectively be used for inferring relative abundances of known viral
types in a metavirome. These limitations of existing methodologies
are discussed in detail in subsequent sections.

7.1. Unrealistic Estimates

We find the most recent evaluation of the accuracy of richness
estimates from existing tools in [79] based on one set of simulated
data and considering only PHACCS, CatchAll and UCLUST. Results
from this study [79] indicate that estimated richness values from
CatchAll and UCLUST are significantly higher than the estimates

2.2 Methods for Estimating Species Diversity Measures using Virome Data 15
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Table 2
Summary of implementation details of the existing tools.

Tool Input data Programmed in Operating system/s supported Interface

PHACCS [67] Contig spectrum Matlab, Perl Linux,Mac OS, Windows Web based GUI
Average genome length
Sequencing and assembling settings

CatchAll [63] Contig spectrum .Net Framework Linux,Mac OS,Windows GUI, CLI
UCLUST [68] Metagenomic reads –a Linux, Mac OS, Windows CLI
GAAS [55] Metagenomic reads Perl Linux, Mac OS, Windows CLI
GRAMMy [69] Metagenomic reads C++ Linux CLI

Python
GASiC [70] Metagenomics reads Python Linux CLI

a Implementation details of the tool is not available.

from PHACCS, which has resulted in the most accurate richness esti-
mates. Normalisation of the estimates based on average genome
length has improved the estimation accuracy of UCLUST; however,
estimates from CatchAll have remained at least one order of magni-
tude higher than the expected value. When using contig spectrum
to analyse a metavirome, CatchAll regards each contig as a viral
type in contrast to the real world scenario where multiple contigs
can be spawned from one genotype. This assumption could lead
to erroneous higher richness estimates. An advantage of frequency
count approach proposed with CatchAll is that it can be used to esti-
mate the number of genotypes that are unobserved in the sample.
However, its application to estimate species richness from metavi-
rome data based on contig spectrum may lead to higher richness
estimates.

7.2. Effect of Genome Length Distribution on Viral Diversity Estimates

When estimating viral diversity measures employing the model
derived for expected contig spectrum based on Lander-Waterman
model for genome sequencing to estimate viral diversity measures,
an assumption is made on an average genome length. PHACCS
implements a similar strategy and consequently requires a value
for average genome length as user input. This assumption of all the
genotypes in the sample are of the same size may affect the accuracy
of estimated diversity measures due to two reasons: use of differ-
ent methods to estimate an average genome length, the variation of
genome lengths.

When using this method to estimate viral diversity measures,
average genome length value has been determined in three ways
in previous studies. One is to use an assumed value [84,85] or the
default value of 50 kbp [27,67,73,86]. The use of 50 kbp as average
genome length for marine viral populations is supported by previ-
ous research [87] but may not be applicable for viral populations
from different environments. The estimates from PHACCS are sen-
sitive to the average genome length and different assumptions can
lead to different estimates [74,84]. The second method of estimat-
ing average genome length is to use GAAS tool [55]. However, it is
mainly limited by the amount of reference sequences available. The
third method is to use the in vitro method of PFGE (Pulsed Field
Gel Electrophoresis) [84,87]. In PFGE, electrophoretic bands on an
agarose gel are used to identify the spectrum of genome lengths.
The estimated value from PFGE could be erroneous due to multiple
genomes being represented in a single band [55].

The requirement of average genome length as user input has been
identified as a limitation in PHACCS and has been addressed by a
recently developed tool ENVirT [88]. ENVirT is based on a modelling
approach similar to PHACCS but considers average genome length
as a variable. A Genetic Algorithm based optimisation strategy is
suggested in ENVirT to simultaneously estimate average genome
length and species diversity measures by minimising the error
between experimental and predicted contig spectra.

7.2.1. Results From a Simulation to Determine the Effect of Variation of
Genome Lengths on Accuracy of Estimates From PHACCS

Moreover, the variation of genome lengths of viruses in similar
environments could be large. Therefore, assuming that all the
genotypes in the sample are of identical size may affect the accu-
racy of estimated species diversity measures. In order to assess the
effect of variation in genome lengths on estimates from PHACCS,
contig spectra were simulated for 3 communities of richness =
10, 000, mean genome length, L = 50 kbp and evenness = 0.81
having a power-law rank-abundance distribution and their genome
lengths following a normal distribution N(L, (Lv)2) with varying v. The
values of v considered are v = {0.001, 0.001, 0.1}. Ten contig spectra
were generated from each community and Root Mean Squared Error
(RMSE) of richness estimates from PHACCS are shown in Fig. 2. The
results suggest that the variation of genome lengths of the popula-
tion can significantly affect the accuracy of richness estimates that
are calculated using the approach implemented in PHACCS.

7.3. Limited Mappings in Reference Databases

Sequence similarity-dependent approaches utilise data available
in reference databases. However, as far as viruses are concerned, a
larger proportion of the viruses in the environment is yet unknown.
Consequently, in the absence of a comprehensive database of ref-
erence genomes, viral richness estimated by grouping sequences
based on their similarity to already known genome sequences may
be inaccurate.

However, sequence similarity-dependent approaches are useful
in understanding the abundances of already known genomes in
the environment under consideration. Such methods are also useful
in time series experiments where the composition of the studied
community is known from previous studies and a comprehensive set
of reference sequences is available [70].

Fig. 2. The effect of variation of genome lengths on the accuracy of species richness
estimates from PHACCS.
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7.4. Analysis of RNA Viruses

The application of the methods discussed will be limited in
analysing RNA viruses, mainly due to constraints of the experimen-
tal set-up. When isolating the viral community DNA, larger viruses
and ssRNA viruses may be filtered out and their sequences may not
be included in the contig spectrum [20,67]. Consequently, ssRNA will
be omitted when estimating species richness based on the contig
spectrum [67]. The tools GAAS and GASiC have steps implemented to
effectively analyse RNA viruses (Section 5), however their estimates
on RNA data may be lower than their estimates based on DNA
data [70].

7.5. Effect of Microdiversity

Microdiversity refers to the diversity of closely related organ-
isms [89]. Recent research suggest that microdiversity affects the
metagenomic sequence assembly and more reads remain unassem-
bled as the microdiversity of a sample is increased [90]. Similarity-
independent methods that are based on the contig spectrum
considers the unassembled reads when calculating the diversity
estimates. However, they do not include a correction for the contigs
belonging to the same virus being placed into separate contigs due
to limitations in the assembly. Consequently, similarity-independent
methods may provide higher estimates than the real diversities in
the presence of microdiversity.

8. Summary and Outlook

Viruses play an integral part in the ecology of different envi-
ronments and metavirome studies have enabled the effective
study of viruses associated with these environments in a culture-
independent manner. Frequently considered viral diversity measures
in metavirome studies include species richness, Shannon-Wiener
index, evenness and rank-abundance distribution. Existing meth-
ods for estimating species diversity measures from metavirome
data may be categorised into two as sequence similarity-dependent
methods and sequence similarity-independent methods. Sequence
similarity-dependent methods are based on similarity measures cal-
culated by comparing the sequences generated in the experiments
against the sequence data available in reference databases. In con-
trast, species diversity estimates calculated employing sequence
similarity-independent methods do not depend on read similarity to
known genome sequences.

Sequence similarity-dependent methods are useful in identify-
ing the abundances of known genomes in a metavirome. Improving
the accuracy of these methods will help to evaluate the diver-
sity of known genotypes in a given environment. However, their
application for analysing viruses in a given environment, may be lim-
ited by the amount of reference sequence data available. Therefore,
the availability of reference databases and their continuous update
is crucial in making sequence similarity-dependent approaches
applicable for viral diversity estimation.

Sequence similarity-independent approaches mainly use contig
spectrum to estimate species diversity measures. However, existing
frequency count approach has shown to result in richness estimates
higher than the expected values. The approach employing rank-
abundance distribution forms is limited by its requirement of an
average genome length of the sample which is not readily available.
Its accuracy is also affected by the variation in genome length of the
sample. Development of alternative models based on additional data
that are readily available (such as sequencing depth) and suitable
optimisation strategies will alleviate the limitations associated with
sequence similarity-independent approaches.

Recent metavirome studies have investigated protein-clustering
to identify groups of similar species [91–93]. In protein-clustering,

the assembled reads are clustered based on their corresponding pro-
tein similarities. The methodology UCLUST which enables clustering
of nucleic acid sequences can also be used to generate protein-
clusters [93]. Estimation of functional diversity of a metavirome and
its comparison between metaviromes of other environments can
be effectively performed based on protein-clusters [93]. Therefore,
coupling species diversity measures with protein-cluster analysis of
metaviromes would broaden the knowledge on ecology of viruses in
different environments.

The microdiversity of a metavirome affects the metagenomic
sequence assembly. Future work on its effect on accuracy of species
diversity methods using current methods will be beneficial in
development of robust methods to analyse environments with (low
to high) varying levels of microdiversity.

A broader knowledge of viral diversity in a given environment
may be obtained by considering estimates from both similarity-
dependent methods and similarity-independent methods [53,94].
A study has analysed 31 metaviromes from different environ-
ments (hypersaline, marine, freshwater and eukaryote) considering
estimates from both PHACCS and UCLUST. The mentioned study has
shown that the environments are similar in number of virotypes, but
differ in genetic diversity (number of clusters of similar genes) [53].
Another study on human skin virome has considered species diver-
sity estimates from both PHACCS and GAAS. The estimates from
GAAS have been lower than estimates from PHACCS. Moreover,
estimates from GAAS have been similar across the considered
environments whereas PHACCS estimates have been different in
different environments. The observed differences between estimates
from GAAS and PHACCS may be due to the limited availability of
reference sequences for GAAS. A previous study has evaluated the
accuracy of species richness estimates from existing methods using
simulated data. However, it considers only three implementations of
existing methods. A comprehensive analysis of available methods in
terms of their performance based on real data and accuracy based
on simulated data will provide a better understanding for a user to
choose between these methods and use them in a complementary
manner.
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2.2.2 Remarks

The previous section outlined a review of the work on estimating species diversity mea-

sures including species richness using virome data in its published form. In addition

to the tools discussed in section 2.2.1, a tool Bracken (Bayesian Reestimation of Abun-

dance after Classification with KrakEN) [44] has been proposed to estimate species abun-

dances in a metagenomic sample. Bracken is a sequence similarity-dependent method

and utilises Kraken’s k-mer approach classifying reads into species efficiently and accu-

rately [44]. Furthermore, FastViromeExplorer is a pipeline proposed for abundance pro-

filing in metagenomic data. It also adopts a similarity-dependent approach and outputs

a list of viruses identified in the sample and their abundances. The work on estimating

species richness using virome data which adopts a similarity-dependent appproach is

observed to be limited.

2.3 RNA-Seq

Multiple methods have been developed to study the transcriptome: the set of transcripts

and their quantities in a sample [79]. Two key methods for studying the transcriptome

are microarrays and RNA-Seq [43]. In microarray methods, transcript abundances are de-

termined by the fluorescence intensity of short nucleotide oligomers (termed ”probes”)

hybridized with fluorescently labeled transcripts [43]. In RNA-Seq, the transcript abun-

dances are determined via high throughput sequencing of complementary DNA (cDNA)

and the use of computational methods for quantification [53]. The main steps included

in an RNA-Seq experiment are: sequencing of cDNA generated from reverse transcribed

mRNA in a purified RNA sample, alignment of the sequence reads to a reference genome

or transcriptome, and in-silico analysis of data [51]. RNA-Seq helped to overcome the

limitations of microarray-based technologies such as the requirement for knowledge of

the studied genomic sequence, the limited dynamic range of detection, and the complex-

ities in comparison of gene expression levels across multiple experiments [79]. Conse-

quently, RNA-Seq has become the most widely used technique to study transcriptome

[43]. RNA-Seq is being used in multiple applications such as the detection of alternative
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splicing, gene fusions in cancer, non-coding RNAs and single cell RNA-Seq [31]. How-

ever, the most common application of RNA-seq is differential expression (DE) analysis at

the gene, transcript or exon level. The objective of a DE analysis is to identify the tran-

scriptional units with significant changes in their abundances across the experimental

conditions [51, 66]. This knowledge is beneficial in a huge range of controlled experi-

ments to elucidate molecular functions and mechanisms as well as in studies that aim to

determine markers or progression of a disease [26].

2.3.1 Differential transcript usage analysis using RNA-Seq data

RNA-Seq helped to overcome the limitations of microarray-based technologies such as

the requirement for knowledge of the studied genomic sequence, the limited dynamic

range of detection, and the complexities in comparison of gene expression levels across

multiple experiments [79]. Consequently, RNA-Seq has become the most widely used

technique to study the transcriptome [43]. RNA-Seq is being used in multiple appli-

cations such as the detection of alternative splicing, gene fusions in cancer, non-coding

RNAs and single cell RNA-Seq [31]. However, the most common application of RNA-seq

is differential expression (DE) analysis at the gene, transcript or exon level. The objective

of a DE analysis is to identify the transcriptional units with significant changes in their

abundances across the experimental conditions [51,66]. This knowledge is beneficial in a

huge range of controlled experiments to elucidate molecular functions and mechanisms

as well as in studies that aim to determine markers or progression of a disease [26].

Most initial RNA-seq analysis used a gene level analysis approach where sequenced

reads that map to the exons of a gene are aggregated to form a gene level expression esti-

mate. However genes may express various transcripts or isoforms across conditions due

to alternative splicing of the genes. Indeed, based on multiple studies, more than two

third of human genes and 40% genes of drosophila are estimated to have multiple exons

and > 90% protein-coding genes indicates alternative splicing events [77][75, 77]. Con-

sequently, the analysis of Differential Transcript (or isoform) Usage (DTU) under differ-

ent experimental conditions is an important toolstep in differential expression analysis.

Specifically, DTU refers to the differences in relative abundances of isoforms of a gene
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between conditions [66]).

Existing methods to test for DTU can be categorised into three broad categories: (1)

transcript quantification based, (2) splicing events based and (3) differential exon usage

based methods [13, 66]. The early transcript quantification based methods used genome

guided assembly approaches to define and quantify transcripts. Later, methods such as

cuffdiff performed test for significant changes in relative abundances of a set of tran-

scripts based on Jensen-Shannon divergence [72]. Furthermore, transcript abundances

have been determined from annotations with fast aligners such as Kallisto and Salmon.

Most recent related work suggests the use of equivalence class counts for transcript quan-

tification [12].

An example of splicing events based tests is the rMATS tool which models the dif-

ferent types of alternative splicing events, estimates the exon inclusion level based on

the read counts and compares the differences in exon inclusion levels to infer DTU [65].

Finally, tests for differential exon usage can be constructed in a count-based framework

and can be used to infer DTU, for example as in DEXSeq [4, 66].

In the original DEXSeq approach, the read alignment information (in SAM format)

and an annotation file with the coordinates of the exon boundaries are taken as inputs.

The methodology in DEXSeq in brief is as follows. A set of non overlapping exon bins

termed ‘counting bins’ are generated by splitting the annotated coding parts of the gene.

When defining the counting bins, if an exon’s boundary is not same in all the transcripts,

the exon is cut into two or more parts Next, a count matrix is generated specifying the

number of sequence reads from different samples mapping to each counting bin. The

read counts of the counting bins in each gene are modeled using Generalized Linear

Models (GLM) assuming a negative binomial distribution of the read counts and are used

to test for differential exon usage of the gene. Specifically, the null hypothesis being tested

is that the number of reads assigned to a counting bin as a fraction of the total number of

reads mapping to a gene does not change over different experimental conditions.

The method of defining the counting bins becomes more complex as the number of

transcripts in each gene increases. Consequently, alternative definitions of counting bins

can be used with the counting bin based statistical test in DEXSeq to infer DTU [66]. The
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definitions of the counting bins that are used in different count-based methods for DTU

are based on the genome annotations of model organisms. An annotation specifies the

locations of the transcribedprotein coding regions of multiple genes of an organism and

have been compiled for a set of model organisms over the years [23, 81].

A study of the performances of count-based methods based on multiple counting bins

definitions has been previously performed by [66]. There, it is shown that filtering iso-

forms with low relative abundances from the annotation file before testing for DTU im-

proves the performances of count-based methods. However, in an experimental setup,

the true abundances of the isoforms are not known. Therefore, the isoform abundances

need to be estimated before filtering can take place adding another layer of analysis to

the DTU pipeline. Moreover, it is possible that isoform prefiltering would lead to exclu-

sion of isoforms that are differentially expressed (true positives), yet with low relative

abundances.

Recently, superTranscripts [16] have been introduced to provide a single representa-

tion of the multiple transcripts of genes as a complete linear sequence which can be seg-

mented into blocks. The block boundaries are similar (but not identical) to exon bound-

aries of a gene and the isoforms of a gene are represented by the different combinations

of blocks in a superTranscript (Figure 1). However because a superTranscript does not

refer back to the genome, blocks are not defined by the presence of an intron and may

correspond to one exon, a set of exons or a part of an exon. For non-model organisms,

superTranscripts may be constructed from assembling the RNA-Seq data from the exper-

iment and superTranscripts can effectively be used for visualization, variant detection

and differential isoform detection in non-model organisms [16]. In addition, superTran-

scripts can be generated for model organisms based on the reference genome sequence

and the annotation and its use for differential isoform usage analysis has been suggested

[16].
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Chapter 3

Binning Nucleotide Sequences of a
Metagenomic Sample

We are all equal in the fact that we are all different.

- C. Joybell C.

METAGENOMICS made the analysis of uncultivable microbes possible, however

complex data generated in metagenomic experiments require the development

of robust methods for data analysis. Binning: the separation of nucleotide sequences be-

longing to multiple species, is a key step in metagenomics data analysis pipeline. Binning

may be performed before or after the reads assembly and the subsequent step of binning

is the taxonomic profiling of bins, the identified groups of similar nucleotide sequences.

Key objectives of binning followed by taxonomic profiling are understanding the com-

munity structure via identification of species in the sample and their genomic profiles

and learning about new species .

3.1 Introduction

Existing binning methods adopt supervised, unsupervised, and both supervised and

unsupervised approaches. This work identifies three main limitations of existing ap-

proaches as elaborated below.

1. Some methods rely on information in reference sequence databases which limits

their usage for binning samples of species for which the sequence information is

unknown.
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2. Some approaches require data from multiple metagenomic samples for effective

performances.

3. The precision of some approaches for binning a metagenomic sample is reduced

when applied on a metagenomic sample consisting of strains: genetic variants of a

species.

A two-tiered binning work flow, namely Coverage and composition based binning of

Metagenomes (CoMet) is proposed to overcome mentioned limitations. CoMet is a data-

driven method and does not rely on information of already known species. It is proposed

for effective binning of a metagenomic sample. It was hypothesised that using coverage

which is an indicator of relative abundances of species in the sample will improve the

precision in binning, including binning a metagenome of multiple strains. Furthermore,

appropriate unsupervised learning techniques were adopted in each tier to achieve more

precise separation of sequences belonging to multiple species in the metagenome.

In CoMet workflow, two compositional features, namely guanine-cytosine (GC) con-

tent and tetranucleotide frequencies are used for binning contigs. Furthermore, it utilises

the coverage information of the assembled sequences for binning. The two compositional

features were selected based on their effectiveness in discriminating species as shown in

previous work [8, 41, 60, 70]. Coverage values of contigs are considered as a measure of

the relative abundances of the species in a sample.

The CoMet workflow is two-tiered. A coarse grouping of sequences is performed in

the first tier based on GC content and coverages of the contigs. The groups generated in

the first tier are further refined considering the tetranucletide frequencies of the contigs.

The grouping in the first tier is performed using the density-based spatial clustering of

applications with noise (DBSCAN) algorithm. To the best of our knowledge DBSCAN

algorithm has not been considered previously for binning. This work identifies the ef-

fectiveness DBSCAN algorithm compared to other clustering methods. The advantages

of DBSCAN over other clustering methods are that the DBSCAN algorithm handles the

outliers effectively, it does not require specifying the number of distinct groups, and it

does not make assumptions on the cluster shape.
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The contributions in this chapter are presented in the following published form in

Section 3.2.

Herath, D., Tang, S. L., Tandon, K., Ackland, D., and Halgamuge, S. K. 2017. CoMet:

a workflow using contig coverage and composition for binning a metagenomic sample

with high precision. BMC bioinformatics, 18(16), 571.

Supplementary files related to the main manuscript are presented under sections 3.3.
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Background
Metagenomics has enabled the culture-independent study
of the dynamics of microbes in different environments
including the human gut [1, 2], soil [3] and seawater sur-
face [4]. Through the analysis of data generated from
direct sampling and high-throughput shotgun sequencing
of genetic material of microbiota, metagenomics can pro-
vide important applications in evaluating the ecology of
uncultivable organisms in different habitats [5–7].

Sequence assembly and sequence binning are two key
steps involved in a metagenomics experiment. Sequence
assembly is performed to generate contigs (i.e. overlap-
ping sequences) from short reads generated in the experi-
ment by identifying the overlapping nucleotide sequences
belonging to a particular organism. Sequence binning is
the separation of nucleotide sequences belonging to an
individual genome or closely related genomes into groups.
Binning is mostly adopted as a subsequent step after
sequence assembly; however, the possibility of binning
before assembling the reads has been suggested to reduce
assembly complexity [8].

There are two key metagenomic approaches for tax-
onomic profiling of a given microbial community: (1)
the use of taxonomic barcodes or phylogenetic marker
genes, and (2) shotgun sequencing-based approach [9].
The scope of this study is binning datasets obtained using
shotgun sequencing. Binning metagenomic sequences is
challenging because of the complexities of microbial pop-
ulations such as variation in abundances and lack of
information on genomic sequences of organisms. In addi-
tion, the complexities in datasets such as the high volume
of data and sequencing/assembly errors make binning a
challenging task. Consequently, various binning strategies
have been proposed to discriminate nucleotide sequences
belonging to species in a metagenomic sample, and have
been extensively reviewed (see [10–12]).

Existing binning methods can generally be grouped
into taxonomy dependent methods and taxonomy inde-
pendent methods. Taxonomy dependent methods bin
sequences based on reads similarity to known sequences
in databases or using supervised learning models (based
on reference sequences) (see, for example [13–16]). Tax-
onomy dependent binning methods are useful in real-
izing the profile of known organisms in a sample, but
are less effective in evaluating microbial populations
with unknown species [10]. In contrast, taxonomy inde-
pendent binning strategies are based on mutual dis-
similarities observed in sequences and do not require
known sequence data.

Taxonomy independent methods have been shown
to be useful in analyzing metagenomic samples that
may contain many unknown organisms [17]. Conse-
quently, taxonomy independent strategies which utilize
statistical methods for feature extraction, techniques for

data visualization and unsupervised learning methods
for clustering sequences have been widely adopted for
binning [12].

Existing taxonomy independent binning methods may
be categorized into two distinct groups based on the fea-
tures used in them: sequence composition based methods
and relative abundance based methods. Sequence compo-
sition based approaches utilize the features extracted from
nucleotide sequences (or the assembled contigs) of the
organisms. Two such compositional features are guanine–
cytosine (GC) content and tetranucleotide frequencies.
The GC content of a genomic sequence is known to
be distinct for various species. For example, it has been
shown that GC content is the cause of differences in
characteristics such as temperature optimum and toler-
ance range, and hence is correlated with phylogenetic
relationships observed among bacterial populations [18].
Similarly, higher order base composition statistics of the
sequences, termed nucleotide frequencies, are considered
as species-specific signatures, while tetranucleotide fre-
quencies are used to discriminate species [17, 19–22].
A novel measure of the relative magnitude of biases in
base composition, the Oligonucleotide Frequency Derived
Error Gradient (OFDEG), has also been proposed and
shown to be effective in separating individual genome
sequences. Alternatively, the relative abundance of species
(or its genomic fragments) has been used as a discrim-
inating feature for binning and is encapsulated by the
q-mer frequency of the reads [23, 24] or sequence cov-
erage information [25]. Hybrid binning strategies have
been proposed, utilizing both sequence coverage and
sequence composition related features [26–28] and/or
are based on dis-similarities observed among species,
as well as features extracted based on known sequence
data [22].

The identification of representative genomic signatures
and the use of appropriate clustering methods are impor-
tant in improving the performances of binning methods.
Machine learning methods that are employed in binning
have been extensively reviewed [29]. Clustering methods
employed in binning methods include agglomerative hier-
archical clustering, k-means clustering, k-medoids clus-
tering and model based clustering [29, 30]. However,
parameter initialization and specification of the number
of bins (k) represent challenges for some existing binning
methods [24, 26]. Some clustering methods are prone to
outliers, and therefore robust outlier filtering strategies
are adopted to improve precision in binning [17]; how-
ever, application of robust outlier filtering reduces the
total number of contigs being binned [17].

Contig coverage based binning of multiple samples has
been suggested before [3]. Furthermore, the use of abun-
dance and genomic composition related features of organ-
isms calculated from multiple metagenomic samples for
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binning contigs has been recently proposed [29], but the
precision of binning methods based on multiple sam-
ple data is shown to decrease as the number of sam-
ples decreases [27]. A recent approach, namely MyCC
[22] has been shown to improve the precision in bin-
ning. The use of genomic signatures and marker genes
for binning is employed in MyCC workflow and it has
been shown to yield higher precision than other bin-
ning strategies using compositional and coverage features
extracted from multiple metagenomic samples such as
CONCOCT and MetaBAT [20–22]. As a binning strat-
egy, MyCC has been shown to be effective for a single
metagenomic sample as well; however, binning a sam-
ple of multiple strains is shown to be challenging with
MyCC [22].

The objective of the present study was to develop a
workflow, ‘Coverage and composition based binning of
Metagenomes’ (CoMet), to evaluate the use of both con-
tig coverage and compositional features extracted from
contigs for binning a single metagenomic sample. CoMet
employs unsupervised learning methods so that mini-
mal user inputs are required to cluster contigs. With
CoMet, we explored the use of the clustering algorithm,
Density-based spatial clustering of applications with noise
(DBSCAN) [31] in binning. The advantages of DBSCAN
over other clustering methods are that the DBSCAN algo-
rithm handles the outliers effectively, it does not assume
a fixed cluster shape and it infers the number of distinct
groups from the data automatically.

Furthermore, the coverage values of assemblies are
directly correlated to the relative abundances of the organ-
isms in the sample, and hence can be used to discriminate
closely related organisms. Compositional features may be
similar in closely related species [30] and the use of only
compositional features has been shown to result in lower
accuracy in samples with contigs from organisms with
similar tetranucleotide frequencies [28].

However, most of the existing methods for binning a
single metagenomic sample do not consider contig cover-
age as a primary feature. In contrast, contig coverage has
been used as a secondary feature combined with tetranu-
cleotide frequencies in existing methods [20, 22, 32].
Two existing methods that consider both contig coverage
and GC content are differential coverage based binning
[33] and VizBin [34]. However, differential coverage based
binning require data from multiple samples and VizBin
require manual selection of bins. CoMet was used to
explore the use of contig coverage as a primary feature
coupled with GC content for automated binning of a sin-
gle metagenomic sample and a sample of multiple strains.
Furthermore, a set of widely used binning methods and
CoMet were evaluated on a set of simulated metagenomes
and a real metagenome, considering multiple binning per-
formance measures.

Methods
CoMet binning workflow
CoMet uses contig coverage coupled with contig com-
position to separate metagenomic contigs into groups
of related populations, which may be used to infer the
underlying population structure of a microbial sample
(Fig. 1). The compositional features of similar genotypes
(i.e. strains) may be similar; however, their relative abun-
dances in the sample may differ. Intuitively, the differences
in relative abundances of species captured by contig cov-
erage can be used to generate initial groupings. The use
of contig coverage has been demonstrated to be effective
in improving binning performance [22, 33, 34]. The pro-
posed CoMet workflow consists of three primary steps:
(1) compositional feature extraction (2) the primary bin-
ning of contigs using DBSCAN algorithm in GC-coverage
space, and (3) further refinement of bins considering
tetranucleotide frequencies of contigs. These steps are
explained in detail in subsequent sections.

Compositional features extraction
The compositional features used in CoMet are GC content
and tetranucleotide frequencies of the contigs. The inputs
to CoMet are nucleotide sequences of the assembled
sequences in FASTA format and their coverage values.
The compositional features, GC content and tetranu-
clotide frequencies of the contigs are calculated from
sequence data. The input contigs are filtered based on
their length (set as 1000 bp in this study) in order to
capture a strong representation of the compositional fea-
tures [17, 32]. The GC content of a contig is calculated as
the ratio of guanine + cytosine bases in the contig. The
tetranucleotide frequency profile of a contig contains the
frequencies of tetramers in a contig. They are computed
by scanning the sequence of the contig using one bp slid-
ing window and counting the occurrences of tetramers.
The tetranucleotide profile of a contig is computed as
the aggregate tetramer frequencies of the contig and its
reverse complement, normalised by its total tetramer fre-
quencies.

The coverage profile of the sample ought to be provided.
The coverage of a contig is the average number of reads
per base from the sample in the contig. The coverage pro-
file is calculated by mapping the assemblies back to reads
and maybe extracted from the output of a read alignment
tool such as Bowtie 2 [22, 27, 35].

Initial clustering using DBSCAN algorithm
With CoMet, initial bins are generated by grouping con-
tigs by considering GC content and coverage. The cov-
erage values are log transformed and the contigs are
clustered in GC-log(coverage) space using DBSCAN algo-
rithm. The rationale for this approach is that the coverage
values of assemblies are directly correlated to the relative
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Fig. 1 A schematic diagram showing workflow in CoMet. The figure illustrates the key steps involved in proposed binning workflow

abundances of the organisms in the sample and hence
can be used to discriminate closely related organisms. In
contrast, compositional features may be similar in closely
related species [30]. Contig coverage is coupled with GC
content values to have more distinct cluster separations.

The use of the DBSCAN algorithm for binning metage-
nomic contigs is suggested with CoMet. To the best of
our knowledge, DBSCAN algorithm has not previously
been applied for binning metagenomic sequences. The
DBSCAN algorithm discriminates clusters from noise by
identifying densely populated regions with the rationale
that the density of points in the same group (i.e. a clus-
ter) must be higher than the points falling outside the
group (i.e noise). The primary steps in the DBSCAN
algorithm are described in brief next. (See [31] for com-
plete explanation). In DBSCAN, two parameters, epsilon
and minimumpoints are used to distinguish points in
a cluster. For a point to be included in a cluster, its
neighborhood within a given radius, epsilon should con-
tain at least minimumnumberofpoints [31]. The parameter
epsilon refers to the radius of the neighborhood around
a point (i.e. ε − neighborhood of the point). The algo-
rithm begins by selecting an arbitrary data point c. If
there are more than minimumpoints including the point

itself, within its ε − neighborhood, then c is marked as
a corepoint and forms a cluster C with the points in its
ε − neighborhood. New points are added to the cluster
recursively exploring the ε − neighborhoods of points in C
excluding c. The process is repeated with a new arbitrarily
chosen point when no more points could be added to the
cluster C. A point belonging to the ε − neighborhood of a
corepoint, x but with points less than minimumpoints in
ε − neighborhood is termed a borderpoint. A borderpoint
get assigned to the cluster that discovers it first. The points
that do not get assigned as a corepoint or a borderpoint
are identified as outliers or noise. The implementation of
the DBSCAN algorithm, dbscan from the R package fpc
[36] was used in our work using Eucledian as the distance
metric.

Three properties of DBSCAN algorithm are benefi-
cial in alleviating limitations associated with clustering
methods used in existing binning approaches such as hier-
archical clustering, k-means clustering and finite mixture
modeling: (i) the number of clusters does not need to be
specified explicitly, (ii) no assumptions about the cluster
shape are made, and (iii) outliers can be detected effec-
tively. At the initial coarse clustering step, prior knowl-
edge on similar species may not be given. Therefore, the
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DBSCAN algorithm was selected over mentioned other
clustering methods.

Further refinement of bins given tetranucleotide frequencies
of contigs
It is assumed that the initial coarse clustering is repre-
sentative of the underlying population structure, however,
the initial coarse groups obtained after the initial clus-
tering step may still contain contigs of multiple species.
Therefore, the subsequent refinement of bins in the
tetranucleotide space is applied to discriminate contigs of
different species that may have been incorrectly grouped
into the same group at the initial step. Each cluster that is
generated after initial step may be considered as a metage-
nomic sample of smaller size. The refinement of bins consists
of two primary steps. First, the tetranucleotide frequency
profiles of the contigs in each cluster are mapped to
adequate representations in reduced dimensionality by
applying Principal Component Analysis (PCA). Second,
contigs in each bin are further clustered using infinite
Gaussian mixture modelling with Gibbs sampling [37].
Dimensionality reduction is beneficial when working with
high dimensional data to simplify the clustering process
while preserving the original feature representation. Since
the assumption of normality of the tetranucleotide fre-
quencies distribution has been verified previously [17] the
Gaussian mixture modelling was employed.

Many recent binning methods using unsupervised
learning methods perform finite Gaussian mixture mod-
eling [17, 27, 38, 39]. A limitation of these finite mix-
ture models-based binning methods is the selection of
the number of clusters providing best performance [38].
In CoMet, this need is alleviated by using an infinite
Gaussian mixture modeling method namely Dirichlet
Process Gaussian Mixture Models (DPGMM) for cluster-
ing. DPGMM falls under the class of probabilistic mixture
models and can be considered as an extension of finite
Gaussian mixture models, removing the need for specifi-
cation of the number of distinct groups in the dataset.

A finite Gaussian mixture model with k components is
given by

P (y|μ1, . . ., μk , σ1, . . ., σk , w1, . . ., wk)

=
∑k

J=1
πjN

(
μj, σj

−1))

with the means and inverse variances given by μj and
σj respectively. wj refers to the mixing weights and∑k

j=1 wj = 1.
An infinite Gaussian mixture model considers a priori

k → ∞. A DPGMM is mainly defined by a set of a
priori hyper parameters common to all the components
and a concentration parameter related to the Dirichlet
process (Refer [37] for the complete derivation). Gibbs
sampling is a technique commonly used in Monte Carlo

simulations to generate samples from complicated mul-
tivariate distributions. When generating samples using
Gibbs sampling method, the value of a variable is updated
based on its conditional distribution given all rest of the
variables. Having defined a set of conditional posterior
distributions, Gibbs sampling can be used to infer the
parameters of a DPGMM using a Markov Chain Monte
Carlo (MCMC) approach [37]. Alternatively, a deter-
ministic approach with a variational inference algorithm
for Dirichlet Mixture modeling has been suggested [40].
The Selection between variational inference method and
Gibbs sampling based MCMC approach is a trade-off
between the time and the accuracy. The former is suit-
able for a fast approximation of the solution while the
latter is theoretically guaranteed for accuracy. The imple-
mentation of CoMet and evaluations were carried out in
R and relevant files are available at https://github.com/
damayanthiHerath/comet.

Comparison with existing binning methods
The use of coverage and compositional features of con-
tigs coupled with unsupervised learning methods for
binning a single metagenomic sample is proposed in
CoMet. CoMet was evaluated for binning performance
along with four methods for binning a single metage-
nomic sample. They are (1) purely contigs composition
based binning method, Metawatt [19], (2) both com-
position and coverage based binning method, MaxBin
[32], (3)a recent binning method based on contig com-
position and marker genes, MyCC (default) [22], (4)
its supplemented version based on contig composi-
tion, maker genes and contig coverage, MyCC (cover-
age) [22]. Both MaxBin and MyCC (coverage) perform
clustering of contigs in the combined feature space
of contig coverage and compositional features. MaxBin
adopts an Expectation Maximization (EM) approach
for grouping similar sequences. The clustering algo-
rithm used in MyCC is Affinity Propagation. The imple-
mentation of Metawatt was downloaded from https://
sourceforge.net/projects/metawatt/. The evaluations of
MaxBin were carried out with docker image of MaxBin
Version 2.0 accessed from https://downloads.jbei.org/
data/microbial_communities/MaxBin/MaxBin.html. The
docker image of MyCC downloaded from https://
sourceforge.net/projects/sb2nhri/files/MyCC/ and was
used for evaluation of MyCC (default) and MyCC (cover-
age).

Evaluation on simulated datasets
The binning performances of CoMet and Metawatt,
MaxBin, MyCC (default) and MyCC (coverage) were eval-
uated using four simulated benchmark datasets.

Simulated Illumina sequences of a metagenomic sam-
ple comprising 10 genomes have been previously used
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to benchmark assembly tools [41], and contigs generated
by assembling these reads have been used to evaluate
binning methods [22]. The reads have been assembled
using Ray Meta assembler and coverage profile calcu-
lated using Bowtie 2. In this study, mentioned assem-
blies and the contig coverage values were downloaded
from the web resource, https://sourceforge.net/projects/
sb2nhri/files/MyCC/Data and were used to evaluate dif-
ferent binning strategies. This dataset is referred as
sim10_1.

Two simulated metagenomic datasets of 10 genomes
with different relative abundances have been used in
evaluation of MaxBin [32]. Generation of 5 million
and 20 million Illumina reads from the sample has
been simulated using Metasim reads simulator and
assemblies have been generated using Velvet assembler
[32]. The two sets of assemblies of different over-
all coverages, 20x and 80x and their coverage pro-
files were downloaded from https://downloads.jbei.org/
data/microbial_communities/MaxBin/MaxBin.html and
were used in this study to evaluate different bin-
ning strategies. The datasets with overall coverages 20x
and 80x are referred as sim10_20x and sim10_80x,
respectively.

Binning a metagenomic sample comprised of several
closely related species, strains is identified to be a chal-
lenging task for existing binning methods [22, 42]. The
performances of CoMet and remaining binning methods
were evaluated with a metagenomic sample consisting of
multiple strains downloaded from CAMI web site. CAMI
is a project initiated for creating benchmark datasets of
different complexities to evaluate methods for assembly,
taxonomic profiling and binning of metagenomics data
[42]. Assemblies and abundance profile of a simulated
strain dataset comprised of 30 organisms of size 15 Gbp
were downloaded from https://data.cami-challenge.org/.
Mentioned dataset that was downloaded from CAMI is
referred as sim30_cami.

Evaluation of CoMet on strain datasets with varying
coverage distributions
The effect of varying coverage distributions on perfor-
mances of CoMet was evaluated based on the contigs in
sim30_cami dataset which consists of contigs generated
from sequences of 30 strains. Random coverage values of
the organisms were sampled from 1, 2, 3, 5, 6, 10, 15 and
30 different coverage distributions and their values were
in the range of 1–300. For each number of distinct cover-
age distributions considered, 10 samples were generated
with contigs that were assigned coverage values sampled
from the given distribution pattern. CoMet was evaluated
on the 80 datasets for precision, F1-score and number of
species discovered.

Evaluation on a real metagenome
The metagenomic experiment conducted to analyze
human infant gut microbiome [43] was considered for
evaluating the applicability of CoMet on real data. The
assembled contigs generated from Illumina reads, cov-
erages computed using Bowtie 2 and binning informa-
tion from the original study were obtained from https://
sourceforge.net/projects/sb2nhri/files/MyCC/Data. The
outcome of binning of these contigs using CoMet was
compared against the results obtained from binning
them using MyCC (default) and MyCC(coverage). MyCC
(default) and MyCC (coverage) were selected for compar-
ison because they have shown higher performance than
other methods in previous work [22]. The experiment has
had 18 sequence runs of 11 fecal samples. Since CoMet is
suggested for binning a single metagenomic sample, the
run with least number of contigs with zero coverages was
considered for evaluation.

Binning performance measures
The true assignments of the contigs (ground truth)
are available for the simulated data. For the real
metagenome, the binning assignments made in the exper-
iment were downloaded from https://sourceforge.net/
projects/sb2nhri/files/MyCC/Data and were used as the
gold standards. Based on the gold standards, CoMet and
four other binning methods were evaluated using four
measures including precision, recall, F1-score and the
number of species discovered [22, 23, 27, 32]. The def-
initions of these measures are provided below. All the
binning methods were ranked on their performances in
order to make a comprehensive comparison of their per-
formances with different datasets.

Assume there are N genomes in the dataset and the
method outputs M clusters Ci (1 ≤ i ≤ M). Let Rij be
the number of reads in Ci which are from genome j and
Cj represent genome j when Rij = maxjRij. The overall
precision, recall and F1-score are calculated as below.

Precision(%) =
∑M

i=1 maxjRij
∑M

i=1
∑N

j=1 Rij
∗ 100 (1)

Recall(%) =
∑N

j=1 maxiRij
∑M

i=1
∑N

j=1 Rij + number of unclassified reads
∗ 100

(2)

F1-score is the harmonic mean of precision and recall and
is defined as

F1 = 2 ∗ Precision ∗ Recall
Precision + Recall

(3)

Given all contigs originated from a particular genome S,
if there is a cluster C such that >50% contigs in C belongs
to S and > 50% of the contigs of S are in bin C, then the S
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genome is considered to be discovered by the bin C. The
total number of discovered species with each dataset is
then calculated accordingly.

Results and discussion
Binning performance comparison of different binning
strategies
The binning strategies based on both contig coverage
and compositional features (MaxBin, MyCC (default),
MyCC (coverage), CoMet) yielded higher precision than
binning using only tetranucleotide frequencies of con-
tigs (Metawatt) (Table 1). CoMet had the highest rank-
ing score in precision, followed by MyCC (coverage),
MyCC (default) and MaxBin. The relative abundances
of genomes considered in sim10_1 are similar [22, 41].
The precisions yielded from Metawatt and CoMet, MyCC
(default) and MyCC (coverage) on this sample of genomes
with similar abundances are comparable and are in the
range of 97–98%.

The relative abundances of genomes in sim10_20x
and sim10_80x are different. All the binning methods
yielded similar precisions on the sample which consists of
genomes of different relative abundances and high cover-
age (sim10_80x). However, on sim10_20x which has lower
coverage than sim10_80x, binning methods based on both
contig coverage and composition provided higher preci-
sions than the binning method based only on contig com-
position. From the precisions obtained with sim10_20x
and sim10_80x, it is observed that when applied on two
samples of different overall contig coverages, CoMet and
MaxBin yield higher precisions with the low coverage
sample than with the high coverage sample.

The precision of CoMet was significantly higher than
the other binning approaches when applied to the strain
dataset comprised of 30 organisms. Multiple strains may
have similar compositional features and hence, it may
be difficult to discriminate them by only considering
their genetic composition; however, their relative abun-
dances in the sample which can be inferred from their
contigs coverage may be different. Consequently, the pro-
posed approach of binning may be beneficial in discrim-
inating species from a metagenomic sample of multiple
strains.

CoMet was higher in binning precision than MaxBin.
MaxBin considers both tetranucleotide frequencies and
coverage values in a single feature space. On the contrary,
CoMet adopts a two-tired approach considering contig
coverage and tetranucleotide frequencies separately, and
was shown to improve precision over MaxBin.

In comparison to MyCC (default) and MyCC (coverage),
CoMet yielded higher or comparable binning precisions.
MyCC primarily uses k-mer frequencies of contigs in clus-
tering and marker genes for cluster correction. In MyCC
(coverage), contig coverage is considered in addition to
the k-mer frequencies for clustering contigs. The results
from MyCC and CoMet show that, the integration of cov-
erage in conjunction with compositional features did not
yield an improvement in precision over MyCC (default)
except with sim10_20x sample. However, the precision
improvement of CoMet over MyCC(default) is higher
than the precision improvement of MyCC(coverage) over
MyCC (default). These results suggest that, a tiered bin-
ning approach may yield higher precisions than binning
contigs in a single feature space.

Binning strategies were evaluated on their recall in bin-
ning datasets of different complexities (in Additional file 1:
Table S1). Both MaxBin and MyCC (coverage) had the
highest ranking score in recall, while Metawatt had the
lowest ranking score in recall. CoMet had a lower rank-
ing score than MaxBin, MyCC (coverage) and MyCC
(default), but yielded higher or comparable recall values in
comparison to Metawatt. In CoMet, a set of contigs is fil-
tered out if they act as outliers in the initial binning step
or belong to an output bin of smaller size. Consequently, a
set of input contigs remains unclassified which leads to the
lower recall. Moreover, multiple bins representing a sin-
gle species lowers the recall. MyCC (coverage) improves
the recall of MyCC (default) except on the contigs from
genomes of similar abundances (sim10_1).

The binning strategies considered in this work, vary
in their performances in F1-score (Table 2). Consider-
ing the ranking scores in F1-score, MyCC (coverage) had
the highest ranking score followed by MyCC (default),
MaxBin, CoMet and Metwatt. It suggests that, the binning
approach in MyCC is useful in improving the F1-score.
CoMet had the lowest F1-score on the dataset of genomes

Table 1 Precision comparison between CoMet and other contig coverage and/or composition based binning methods

Dataset Metawatt MaxBin MyCC (default) MyCC (coverage) CoMet

sim10_1 96.69 (4) 92.44 (5) 97.47 (2) 97.42 (3) 97.94 (1)

sim10_20x 84.25 (5) 96.90 (2) 90.66 (4) 96.71 (3) 98.66 (1)

sim10_80x 95.13 (5) 95.63 (4) 98.55 (2) 98.63 (1) 97.12 (3)

sim30_CAMI 53.68 (5) 66.60 (4) 75.02 (2) 75.02 (2) 92.93 (1)

Binning methods are ranked based on their precision with different datasets with their ranks given in parentheses. Bold values indicate the highest of the precisions

34 Binning Nucleotide Sequences of a Metagenomic Sample



Herath et al. BMC Bioinformatics 2017, 18(Suppl 16):571 Page 168 of 259

Table 2 F1-Score comparison between CoMet and other contig coverage and/or composition based binning methods

Dataset Metawatt MaxBin MyCC (default) MyCC (coverage) CoMet

sim10_1 91.58 (4) 94.91 (3) 97.47 (1) 96.09 (2) 89.28 (5)

sim10_20x 70.5 (5) 98.16 (1) 83.46 (4) 88.35 (3) 96.7 (2)

sim10_80x 75.21 (5) 95.61 (3) 98.55 (2) 98.64 (1) 88.56 (4)

sim30_CAMI 60.55 (5) 75.58 (4) 80.93 (2) 80.93 (2) 82.71 (1)

Binning methods are ranked based on their F1-score with different datasets with their rank given in parentheses. Bold values indicate the highest of the F1-scores

of similar abundances (sim_10x) in comparison to its F1-
scores on other datasets. As far as the contigs of genomes
with different relative abundances are considered (i.e.
sim10_20x and sim10_80x), F1-scores of both CoMet and
MaxBin were higher on the low coverage dataset than that
on the high coverage dataset. In contrast, the F1-scores
obtained from MyCC (default) and MyCC (coverage) on
low coverage dataset (sim10_20x) were lower than that
on the high coverage dataset (sim10_80x). CoMet yielded
highest F1-score on contigs of multiple strains; however,
the F1-scores of all the binning methods on strain dataset
are lower than their F1-scores on other datasets.

Furthermore, CoMet and existing contig coverage
and/or composition based binning methods were evalu-
ated on the number of species identified (Table 3). MyCC
(default) and MyCC (coverage) discovered the highest
number of species from the sim10_1 dataset. Considering
sim10_20x and sim10_80x, all binning methods recovered
more species from the high coverage sample (sim10_80x)
than from the low coverage sample. Moreover, both
CoMet and Metawatt identified the highest number of
species from the low coverage sample (sim10_20x). The
results show that CoMet was able to recover 40–90% of
the species in a sample. Furthermore, CoMet identified
the highest number of species from the dataset of multi-
ple strains. MyCC (default) and MyCC (coverage) ranks
second in number of species identified from the strain
dataset.

The GC content distributions of the datasets considered
in this study have been of arbitrary form (in Additional
file 1: Figure S1) and are skewed to the left in all datasets
except sim10_1 (in Additional file 1: Figure S1). The GC
content values of the contigs in the datasets were in the

range of 12–86. The GC content distribution of the con-
tigs in sim30_CAMI datasets is the most left skewed
distribution because most of the species in the dataset had
higher and similar GC contents. The precision of CoMet
with sim30_CAMI was lower than the precision of CoMet
with other datasets. CoMet may be used to analyze contigs
of different GC content distributions. Similar to other bin-
ning approaches, CoMet perform better on samples with
species with distinct compositional features.

DBSCAN algorithm can extract clusters of different
shapes, but will be hindered by the existence of clusters
of different densities [44]. The GC-log(coverage) distri-
butions of the contigs in the datasets considered in this
study demonstrates the applicability of the DBSCAN algo-
rithm for clustering contigs in GC-log(coverage) space
(in Additional file 1: Figure S2–S5). The clusters in the
GC-log(coverage) space do not have substantial differ-
ences in densities, and the number of distinct components
cannot be determined without a prior knowledge of the
datasets. Therefore, DBSCAN algorithm may be consid-
ered the most appropriate algorithm for the initial coarse
clustering of the contigs.

Binning a real metagenome using CoMet
With the contigs from the metagenome of infant gut
microbiome, CoMet resulted in a precision of 71% and
an F1score of 67%. These results were compared against
MyCC (default) and MyCC (coverage) which have been
shown to have better performances than other binning
methods before [22]. MyCC (default) and MyCC (cover-
age) both resulted in a precision of 36% and an F1score
of 49%. The number of species discovered from CoMet,
MyCC (default) and MyCC (coverage) was 6.

Table 3 The number of species recovered from different binning approaches

Dataset Metawatt MaxBin MyCC (default) MyCC (coverage) CoMet

sim10_1 9 (3) 8 (5) 10 (1) 10 (1) 9 (3)

sim10_20x 4 (1) 3 (3) 3 (3) 2 (5) 4 (1)

sim10_80x 6 (5) 10 (1) 10 (1) 10 (1) 7 (4)

sim30_CAMI 9 (5) 13 (4) 18 (2) 18 (2) 20 (1)

Binning methods are ranked based on number of species discovered with their rank given in parentheses. Bold values indicate the highest of the number of species identified
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Binning performance with strain dataset from CAMI
CoMet was shown to be effective in binning the metage-
nomic sample of multiple strains (sim30_CAMI) with the
highest precision associated with the highest number of
species identified. The percentages of species identified
from the strain dataset using CoMet, MyCC (default)
and MyCC (coverage) were 66, 60 and 60 respectively.
Furthermore, for all the identified species from each
binning method, the precision in binning contigs from
each species and percentage of contigs binned from each
species were calculated (Table 4).

CoMet was able to discover 20 species while MaxBin,
MyCC, MyCC (coverage) and Metawatt discovered 13, 18,
18 and 9 species, respectively. The average percentage of
contigs binned using CoMet was 73.5, while the average
percentage of contigs binned using Metawatt and MaxBin
were 69.1 and 86.5, respectively. In addition, the average
percentage of contigs binned using MyCC (default) and
MyCC (coverage) was 81.85. In comparison to the other
binning methods, the precision of recovering individual

species of CoMet was higher. However, the percentage
contigs binned using CoMet ranked lower compared to
that using the other binning methods considered in this
study.

CoMet identified 4 species that were not identified by
any of the other binning methods with 94.2% average pre-
cision. The number of species that has not been identified
by CoMet, but has been able to be identified using any
remaining binning method is one. The results also show
that CoMet and MyCC are complementary in terms of
precision in recovering individual strains. In the cases
where a given strain was not identified using CoMet or
was identified with lower precision using CoMet, MyCC
has identified that strain with the highest precisioin and
vice versa. However, CoMet yielded 95.2% average pre-
cision, whereas, with MyCC, the average precision was
84.3%. In summary, the results show that CoMet is able
to discriminate many species with high precision from a
sample of multiple strains which is confronting for the
other binning methods.

Table 4 Individual precision and contigs binned from each identified species from the strain dataset from CAMI

Taxon Id
MaxBin Metawatt MyCC (default) MyCC (coverage) CoMet

Precision Contigs
binned (%)

Precision Contigs
binned (%)

Precision Contigs
binned (%)

Precision Contigs
binned (%)

Precision Contigs
binned (%)

1 NI NI NI NI NI NI NI NI 78.33 94.63

2 96.15 100 NI NI NI NI NI NI 100 88

3 NI NI 93.16 63.08 93.58 87.06 93.58 87.06 96.04 92.23

4 88.74 87.31 NI NI 89.37 98.81 89.37 98.81 100 51.32

5 NI NI 74.84 56.93 97.94 87.58 97.94 87.58 100 67.61

6 NI NI 61.84 58.02 83.82 77.03 83.82 77.03 100 77.03

7 NI NI 96.22 59.89 96.59 90.87 96.59 90.87 98.31 58.17

8 NI NI NI NI NI NI NI NI 98.33 96.72

9 55.18 86.26 NI NI 93.46 88.32 93.46 88.32 99.73 50.07

10 NI NI 80.72 57.41 98.21 77.37 98.21 77.37 NI NI

11 92.96 96.54 NI NI 68.18 51.92 68.18 51.92 100 51.15

12 97.25 96.66 83.25 92.29 96.1 89.97 96.1 89.97 100 63.94

13 50 87.5 NI NI 52.17 75 52.17 75 100 75

14 51.14 63.38 NI NI 65.22 63.38 65.22 63.38 88.89 67.61

15 53.3 57.74 NI NI 82.29 85.71 82.29 85.71 98.13 62.13

16 NI NI NI NI NI NI NI NI 100 62.5

17 NI NI NI NI 78.14 50.55 78.14 50.55 51.09 97.92

18 72.58 93.75 NI NI 66.1 81.25 66.1 81.25 95.56 89.58

19 NI NI NI NI NI NI NI NI 100 58.39

20 75.05 94.62 82.2 84.17 92.54 96.77 92.54 96.77 100 96.24

20 73.25 74.78 NI NI 77.09 94.93 77.09 94.93 NI NI

22 88.72 87.41 85.23 64.13 89.79 78.15 89.79 78.15 NI NI

23 93.97 99 84.29 86.51 96.41 98.66 96.41 98.66 100 70.57

Bold data represent the highest precisions and highest percentage of contigs binned for each identified species. NI: Not Identified
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CoMet was evaluated further on 80 strain datasets gen-
erated based on sim30_cami (Fig. 2). When all the contigs
in the sample have similar coverage values and are simi-
lar in composition, the precision in binning is the lowest.
The precision in binning has improved as the number of
distinct coverage distributions increases. F1score and the
number of species discovered are higher in samples with
more distinct number of coverage distributions (5,6,10,15
and 30) than in samples with less distinct number of
coverage distributions (1,2,3).

Conclusions
In the present study, we proposed CoMet for binning con-
tigs in a metagenomic sample. Both contig coverage and
composition are utilized in CoMet to discriminate con-
tigs belonging to similar genotypes. Employing unsuper-
vised learning methods for grouping contigs, CoMet was
implemented to be executed with minimal user inputs. In
CoMet workflow, contigs are grouped in two steps, first
considering their GC content values and coverages, and
second given their tetranucleotide frequencies. In order
to remove the outliers effectively and learn the number of
distinct groups automatically, the DBSCAN algorithm is
employed in the first step.

An assembly step is not included in CoMet, therefore
sequence assembly should be performed before analyzing
sequence data using CoMet. The outcomes of CoMet are
independent of the assembly method and it is assumed
that assembly of sequences and computation of coverage
profile is performed with high accuracy. The datasets con-
sidered in this study have been generated using different
assemblers and no bias was incurred on the evaluation of
different binning methods.

CoMet demonstrated higher precision than a binning
method based only on contig composition. Moreover,
it yielded higher or comparable precision in compari-
son to other binning methods that consider both contig

coverage and contig composition. Furthermore, CoMet
showed a significant improvement in precision in bin-
ning of a metagenomic sample consists of multiple strains.
The variation in the relative abundances of genomes in a
sample is beneficial in binning contigs with similar com-
positional features and is exploited by CoMet by using
contig coverage in its work flow. The precision in binning
with CoMet is demonstrated to increase as the distinction
in coverage distribution of the organisms in the sample
increases.

The simulated datasets considered in this study repre-
sent different microbial communities and experimental
setups. The evaluations in our study show that perfor-
mances of different binning strategies vary depending
on the nature of the sample. CoMet was ranked first or
second in the number of species discovered. Different
binning strategies were associated with varying F1-scores
on different datasets. CoMet was significantly higher in
F1-score than the other binning methods on the strain
dataset. All the binning methods considered in this study
are shown to be complementary to each other in F1-
scores and their performances in discovering individual
species. CoMet ranks lower in recall compared to the
other binning methods. Further work may be carried
out to improve the recall yielded from CoMet, including
devising an effective method for assigning the unclassified
contigs into bins identified with high precision, merg-
ing or splitting of bins, and evaluation of overall binning
performance.

As demonstrated with the datasets considered in this
study, CoMet can analyze contigs forming clusters with
similar densities in GC-log(coverage) space with higher
precision. Extending CoMet to be applicable on con-
tigs with significant differences in their range of GC
contents and coverages (hence forming clusters of dif-
ferent densities), ought to be considered in future
research.

Fig. 2 Performance of CoMet on contigs with different number of distinct coverage distributions. The figure shows the variations of binning
performances of CoMet as the differences in contig coverage values of a sample of multiple strains vary
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The results of our study suggest that binning samples
of multiple strains is a challenging task. However, the
benchmark data available for evaluating binning meth-
ods on samples of multiple strains is limited. Therefore,
future work on the design and development of bench-
mark datasets similar to CAMI is beneficial in improving
the robustness of binning methods. Such datasets may
represent recent experimental setups and different com-
positions of microbial communities including samples of
multiple strains.

CoMet utilizes combinations of features of genomic
sequences and adopts a purely unsupervised approach.
Appropriate clustering methods are employed in CoMet
in order to bin contigs with high precision and in an
automated manner. The results of this study confirm that
both the identification of suitable feature representations
and clustering methods is important in improving the
precision in characterizing metagenomic samples with
various compositions of organisms in an automated and a
database-independent manner.

Additional file

Additional file 1: Supplementary Material file contains the details of recall
values obtained in this study and the GC content distributions and the GC
content - log(Coverage) distributions of the contigs in the simulated
datasets considered in this study. (PDF 203 kb)
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Supplementary Material

Table S1: Recall comparison between CoMet and other contig coverage and/or
contig composition based binning methods

Dataset MetaWatt MaxBin MyCC (default) MyCC (coverage) CoMet

sim10 1 86.98(4) 97.51 (1) 97.47 (2) 94.79 (3) 82.02 (5)

sim10 20x 60.61 (5) 99.45 (1) 77.32 (4) 81.33 (3) 94.81 (2)

sim10 80x 62.19 (5) 95.58 (3) 98.55 (2) 98.64 (1) 81.38 (4)

sim30 CAMI 69.42 (5) 87.35 (3) 87.86 (1) 87.86 (1) 74.51 (4)

Recall values obtained using different binning methodologies. Binning methods
are ranked based on their recall with different datasets with their rank given in
parentheses. Bold values indicate the highest of the recall values

Figure S1: GC content distributions of the contigs in the simulated datasets
considered in the study

1
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Figure S2: GC-log(coverage) distribution of sim10 1 dataset

Figure S3: GC-log(coverage) distribution of sim10 20x dataset

2
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Figure S4: GC-log(coverage) distribution of sim10 80x dataset

Figure S5: GC-log(coverage) distribution of sim30 CAMI dataset
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3.4 Summary and Contributions

This chapter presents a new method, CoMet to bin nucleotide sequences of a metagenome

which is an essential step in metagenomic data analysis. The proposed approach utilizes

both compositional features and coverage values and proposes binning nucleotide se-

quences in two steps. To the best of our knowledge, this work explored the benefits of the

DBSCAN algorithm in binning metagenomic sequences for the first time. The DBSCAN

algorithm was adopted to bin sequences in GC Content-log(coverage) space in first step,

due to its advantages over other considered clustering methods. In the next step, the con-

tig groups are refined based on Tetranucleotide frequencies of the contig sequences. The

performances of the proposed method are demonstrated using simulated metagenomes

of varying complexities and its application on a real human gut metagenome.

The key contributions of this chapter are as follows:

• Proposing a new method to bin contigs of a metagenome with high precision with-

out using reference sequence data, which may further assist in inferring the taxo-

nomic diversity of an environmental sample.

• Proposing an effective approach to utilize the features extracted from nucleotide

sequences for binning by adopting appropriate unsupervised learning methods.

• Evaluation of multiple binning methods including the proposed approach on simu-

lated data of metagenomes of varying complexities including a sample of multiple

strains.

• Application of the proposed binning method to analyze a real human gut metagenome.
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Chapter 4

Estimating Species Richness using
Virome Data

Life is complicated but not uninteresting.

- Jersy Neyman

ONE of the measures of species diversity is the number of different species: species

richness. Estimating species richness from a virome based only on the reference

data may not be feasible because of the limited availability of reference data. Therefore it

is important to explore methods utilising experimental data to estimate species richness

using virome data.

4.1 Introduction

This chapter discusses methods for estimating viral richness from a virome and is pre-

sented in two sections. Section 1 (4.2) presents an evaluation of two existing methods for

estimating richness of a virome. Section 2 (4.3) presents a new approach for estimating

richness of a virome including the method formulation, evaluation on simulated data

and application of proposed method on real data. This work addresses some limitations

identified through the review of methods for estimating species richness using virome

data [27] (presented in Chapter 2).

45
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4.2 Evaluation of Two Existing Methods for Estimating Richness
of a Virome

PHACCS [5] is a method used in multiple metagenomic experiments to estimate richness

of a metagenome. A key input to PHACCS is the contig spectrum derived from assem-

bled sequence data. Contig spectrum is a vector derived from the assembled sequence

data where its ith element, oi corresponds to the number of contigs with i overlapping

sequences. An example of contig spectrum is illustrated in Figure 4.1.

Given the contig spectrum of a metagenome, average genome length of the species in

the sample, and the experimental settings including the number of sequence reads, read

length and overlap length used in reads assembly, PHACCS estimates multiple species

diversity measures including species richness. Determining the average genome length

of a metagenome is not a straightforward task. The estimates using PHACCS may vary

based on the value used as average genome length of the species in the environmental

sample [80]. Therefore, having to specify the average genome length of the virome may

limit the application of approach proposed in PHACCS [27]. The method ENVirT pro-

poses to alleviate this limitation by simultaneously estimating average genome length

and species richness of a virome based on the contig spectrum.

Multiple tools for estimating species richness of a virome has been evaluated on 16

benchmark simulated data (sim-1) [35]. This section discusses on extending the men-

tioned simulation study to include 77 simulated datasets (sim-2).

The mentioned simulated data consists of contig spectra corresponding to viral com-

munities with varying richness (M), evenness (E) and average genome length (L) values.

Evenness is a measure of the distribution of species’ relative abundances and may be

defined as

E =
−∑M

i=1 fi.ln( fi)

ln(M)
(4.1)

where fi is the relative abundance of ith species; fi = ni/
M
∑

i=1
ni. Evenness may take a

value in (0,1].



4.2 Evaluation of Two Existing Methods for Estimating Richness of a Virome 47

The simulated data were designed to represent multiple viral communities that may

be observed in the environment. Average genome lengths considered in the simula-

tion study corresponds to previous metagenomic experiments and existing viral genome

lengths data. In most of the metagenomic experiments, an assumed value of 50 kbp has

been used as the average genome length. Looking at data reported in previous metage-

nomic experiments conducted on marine environments, L= (12.5 - 300 kbp) are consid-

ered for simulation study [59, 69, 73]. Overall, average genome lengths in the ranges of

12.5 - 50 kbp and 50 - 300 kbp in step sizes of 25, 50 kbp respectively are considered in

the simulation study (Table 4.1). The experimental settings of all simulated contig spectra

are total number of reads: 10000, read length: 100 bp and minimum overlap between two

sequences forming a contig: 35 bp.

Figure 4.1: Illustration of definition of the contig spectrum

This corresponds to a scenario where the experiment has lead to 3 sequence reads, 2 contigs with 2
sequences in each contig, 3 contigs with 3 sequences in each contig and 1 contig with 4 sequences
etc. Accordingly, the contig spectrum = [3, 2, 3, 1,...]
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Sim1 Sim2
Average Genome Length/ kbp 12.5, 50, 125, 300 25, 37.5, 75, 100, 150, 200, 250
Richness 300, 1000, 5000, 10000 7500, 15000, 45000
Evenness 0.655, 0.79, 0.913, 0.995 0.256,0.441, 0.512

Table 4.1: Virome characteristics represented in simulated data

Three methods for estimating richness of a virome: ENVirT, PHACCS, and CatchAll

have been evaluated for accuracy in richness estimation, using the above simulated data

[35]. A comprehensive review of results from mentioned three methods on simulated

data is provided by Jayasundara et al. [35]. Mainly the results demonstrate that ENVirT

has lower error in richness estimation than PHACCS and CatchAll , while being able to

simultaneously estimate average genome length of the sample [35].

4.3 Considering Variability in Genome Lengths in Species Rich-
ness Estimation

The formulations of the existing methods for estimating richness of a virome based on

the contig spectrum assume that all the genotypes in the sample have an equal genome

length [27]. However, it has been shown that the errors in richness estimation by men-

tioned methods increases as the variability of the genome lengths of the viruses in the

sample increases [27, 35]. With regards to real data, nucleotide sequence data of viruses

recorded in the NCBI database ( as downloaded on 17/12/2018 from https://www.

ncbi.nlm.nih.gov/genomes/GenomesGroup.cgi?taxid=10239) indicates vari-

ability in genome lengths of viruses associated with multiple hosts (Figure 4.3).

Therefore, an approach to estimate species richness using virome data in light of the

variability in genome lengths of the species is proposed. It is explained in detail in this

section.

https://www.ncbi.nlm.nih.gov/genomes/GenomesGroup.cgi?taxid=10239
https://www.ncbi.nlm.nih.gov/genomes/GenomesGroup.cgi?taxid=10239
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Figure 4.3: Genome lengths of viruses associated with multiple hosts based on data from
NCBI database; Genome lengths are shown in log10 base

4.3.1 Problem Formulation

The formulation of the proposed approach builds on the Lander-Waterman model of se-

quencing similar to [9]. In [9], genome lengths of all the genotypes in the sample are

considered to be equal. In contrast, this work presents an approach to consider the pos-

sible variations in the microbial community including the variability in genome lengths

when estimating species richness.

Assume the below parameters for a virome generated from a community of geno-

types:

M = Number of genotypes (Species richness)

li = Genome length of the ith genotype
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fi = Relative abundance of the ith genotype

R = Number of reads

r = Read length (bp)

o = Minimum overlap distance considered in assembling reads (bp)

(C1, C2, C3, ..., CR) = Observed contig spectrum, where Cq (q ∈ 1, 2, 3, ..., R) is the observed

number of contigs each having exactly q reads.

Oq = q ·Cq = Number of reads out of the total R that contributed to observed contigs that

have exactly q reads (q ∈ 1, 2, 3, ..., R) (a q− contig).

The expected number of reads from a genotype that contribute to a q− contig can be

derived as follows:

Probability of two fragments from li being (r− o) apart and forming a contig as shown

in [9] is ,

pi = 1− e− fi R(r−o)/li (4.2)

To form a q-contig, following sequence of events should occur: a non-overlap, (q− 1)

overlaps, a non-overlap. Probability of such an occurrence is (1− pi)pq−1
i (1− pi).

Probability of a randomly selected sequence fragment being a part of contig with q

overlapping sequences,

wqi = qpq−1
i (1− pi)

2 (4.3)

The number of reads sampled from a genotype i is fi · R.

∴ Expected number of reads originated from a genotype i contributing to a q− contig:

cqi = fi.R.qpq−1
i (1− pi)

2 (4.4)

For a sample of mixture of M genotypes, the expected number of reads contributing

to a contig having q reads ,

Eq =
M

∑
i=1

fi.R.q.p(q−1)
i .(1− pi)

2 (4.5)

Treating li, fi as random variables would make the solution for species richness in-
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feasible. Therefore, the genome lengths, and relative abundances are modeled such that

their desired distributions in a sample are met collectively. A similar approach has been

previously adopted to determine the number of reads required to obtain contigs with a

given minimum length [68].

Here, it is assumed that genome lengths are collectively uniformly distributed and

li = i/(M + 1)th quantile of a Uniform(llo, lhi) distribution, and fi = f 0
i (∑

M
i=1 f 0

i ), where

f 0
i are relative abundances normalised to the commonality of the least abundant species.

It is assumed that f 0
i follows a Pareto distribution, P with shape = 1 and scale = kA.

Accordingly, two scenarios are considered (Figure 4.4).

Scenario 1 (T = 1) : Genotypes with longer genomes are less in abundance than

the genotypes with smaller genome lengths; In this scenario, f 0
i = 1− i/(M + 1)th

quantile of P.

Scenario 2 (T = 2): Genotypes with longer genomes are more common than the

genotypes with smaller genome length; In this scenario, f 0
i = i/(M + 1)th quantile

of P.

The similarity between the observed and expected contig spectra is defined as the

variance weighted squared difference between (O1, O2, O3, ..., OR) and (E1, E2, E3, ..., ER)

denoted by the error function, S(M, kA, T)

S(M, kA, T) =
R

∑
q=1

(Oq − Eq)2

V2
q

(4.6)

where,

V2
q =

M

∑
i=1

fi.R.q.p(q−1)
i .(1− pi)

2.
(

1− q.p(q−1)
i .(1− pi)

2
)

(4.7)

The error function S consists of a global minimum and multiple local minima (Figure

4.5). Given the values of R, r, o and (O1, O2, O3, ..., OR), the objective is to find the values

of M, kA, and T such that the difference between (O1, O2, O3, ..., OR) and (E1, E2, E3, ..., ER)

is minimum.

Occurrences of above considered scenarios in real environments are reported in pre-

vious studies. A study of Sargossa sea virome has inferred that species with larger
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genomes were less abundant in that environment [6]. Furthermore, in marine environ-

ments viruses with smaller genome lengths are considered to be the most abundant [61].

Figure 4.4: Example plots of variations in genome lengths vs relative abundances consid-
ered in this work ; parameters used for the plot: M=10000, kA=0.6)

(a) (b)

Figure 4.5: Plots of error function S ;Two communities are considered where T=1,
(a): M=5000, kA=0.8, Evenness = 0.5 and (b): M=10000, kA = 1.7, Evenness = 0.9.
log(S(M,kA)+1) is used for ease of demonstration.
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4.3.2 Optimisation Approach

It is possible to solve S by an exhaustive search approach, however such a method is

computationally inefficient. Comparatively, a heuristic optimisation method can reduce

the computational time substantially. Here, it is proposed to use Genetic Algorithm (GA)

to determine the parameters corresponding to minimum S because GA is able to perform

mixed integer non-linear optimisation and S (M,kA,T) is a non-linear function where M is

an integer. However, the initial conditions of the heuristic GA method may lead to S con-

verging to a local minima. Therefore, optimisation with GA is performed over multiple

iterations (10 in this work) with varying initial conditions and the solution corresponding

to the minimum S is selected. The proposed approach is implemented in MATLAB using

the Global Optimization Toolbox(2018a release). Initial population of GA is generated

randomly, and the random number generator is seeded based on the current time.

The robustness of the proposed approach is demonstrated with simulated viromes

of varying richness and evenness. Moreover, it is applied on real data from multiple

environments. Evaluation on simulated data and application on real data are discussed

in detail in following sections.

The derivation in Section 4.3 models general genome lengths and relative abundances

variations. It may be changed to represent different communities and a similar approach

can be adopted to estimate the diversity measures, e.g. use a percentage of the quantile

as a parameter to the algorithm.

4.3.3 Datasets

Simulated data

The proposed optimization procedure was evaluated using simulated contig spectra of

communities with multiple characteristics. This simulated study follows the same pro-

cedure as in work by Jayasundara et al. [34,35]. The simulated data corresponds to com-

munities with multiple evenness values and genome length vs relative abundance dis-

tribution patterns (Table 4.2). Based on the richness values recorded in previous studies

[34], 300 and 10000 are used corresponding to low and high richness levels respectively.
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Furthermore, 1000 and 5000 are also used as intermediate richness levels.

The objective of simulated data is to evaluate the ability of GA to estimate the richness

and parameters corresponding to distribution of genome lengths for communities with

different richness and evenness (as given by Eq. 4.2) values. Accordingly, the scenarios

where evenness is closer to one (i.e. 0.995 and 0.913) and evenness is less than one (i.e.

0.721 and 0.533) are considered in simulations.

Real data

Furthermore, the proposed method was used to reanalyse 21 published phage metagenomes

that have been previously analysed using PHACCS and CatchAll [2], and the results from

multiple methods were compared. The mentioned metagenomes are from multiple envi-

ronments including mammalian gut and aquatic environments. Furthermore, it includes

four mixed contig spectra from pooled viromes. A mixed contig spectrum is generated

by mixing the sequences of multiple viromes prior to creating the contig spectrum. The

mentioned 21 contig spectra data is extracted from [2].

To further validate the applicability of proposed method on experimental data, 20

viromes that have been previously analysed with EnvirT and PHACCS were analysed

using the proposed method. The mentioned contig spectra correspond to viromes from

aquatic environments, fermented food and human gut and were accessed from [35].

4.3.4 Results

Evaluation on simulated data

The proposed optimisation procedure is robust on viromes of species with varying even-

ness and genome length vs relative abundance distributions (Table 4.2). The maximum

error, Smin observed on simulated data is 1.14x10−6. The Smin corresponding to the esti-

mated values using proposed approach is in the range 8.79x10−8− 1.14x10−6 for commu-

nities with varying evenness. The optimisation procedure based on GA is robust on both

distributions of genome length vs relative abundances that were mentioned in Section

4.3.1.
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Actual parameters (Expected values) Estimated values

T0 M0 Evenness kn0 T M Kn Smin

1

300 0.721 0.9 1 300 0.9 1.1x10−7

1000 0.941 4 1 1000 4 8.79 x10−8

5000 0.533 0.8 1 5000 0.8 2.7x10−7

10000 0.916 1.7 1 10000 1.7 2.12x10−6

2

300 0.721 0.9 2 300 0.9 1.14x10−6

1000 0.941 4 2 1000 4 2.16x10−6

5000 0.533 0.8 2 5000 0.8 6.2x10−7

10000 0.916 1.7 2 10000 1.7 8.26x10−6

Table 4.2: Results on the simulated viromes with various characteristics

Application on real data

Proposed method was used to analyse 21 published phage metagenomes that have been

previously analysed using PHACCS and CatchAll [2]. The proposed method also en-

able visualisation of genome lengths distributions of multiple environments (Figures 4.6-

4.8). With regards to mammalian gut samples, the swine feces samples have similar

genome lengths distributions and are distinct from that of human gut samples (Figure

4.6). The analysis of aquatic viromes using the proposed method suggest that genome

lengths distribution of reclaimed fresh water from park is significantly different from

other reclaimed fresh water samples. In terms of the salt water viromes, species with low

genome lengths are shown to be high in abundance, in all samples.



56 Estimating Species Richness using Virome Data

Figure 4.6: Genome length Vs Number of species distributions of mammalian gut envi-
ronments

Figure 4.7: Genome length Vs Number of species distributions of aquatic environments
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Figure 4.8: Genome length Vs Number of species distributions of pooled viromes

.

Virome CatchAll - All sin-

gletons

CatchAll-

Empirically

discounted

CatchAll-

Statistically

discounted

PHACCS Proposed

method

Mammalian gut environments

NM, 21d 90, 576± 7, 717 20, 781± 1, 054 2, 381± 203 360 5,500

NM, 35d 124, 284± 11, 985 17, 581± 762 9, 693± 935 405 4200

NM, 38d 84, 524± 23, 415 14, 663± 592 4, 686 ±
1, 298

246 2900

NM, 63d 105, 310± 48, 167 16, 267± 2, 190 5, 362 ±
2, 452

164 2600

NM,77d 130, 773± 44, 679 22, 879± 3, 381 5, 071 ±
1, 733

357 5100
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NM, 85d 113, 335± 7, 958 27, 650± 1, 478 1, 307± 92 787 9100

NM 91d 154, 869± 59, 005 24, 202± 1, 139 5, 386 ±
2, 052

703 7400

Human Infant feces 1, 087± 348 344± 74 94± 30 8 12000

Human Adult feces 9, 576± 1, 810 2, 733± 517 NA 1930 700

Aquatic environments

RFW, Potable 59, 741± 5, 150 14, 259± 803 2, 388± 206 184 2200

RFW, Effluent 128, 778± 10, 752 29, 882± 1, 833 1, 617± 135 764 9800

RFW,Nursery 204, 571± 75, 474 37, 260± 7, 320 4, 477 ±
1, 652

1,754 11900

RFW,Park 185, 739± 15, 756 42, 854± 2, 899 1, 043± 88 98,603 6100

SW,Gulf of Mexico 246, 019± 90, 045 59, 696 ±
21, 341

103± 37 15,400 3100

SW,British Columbia 320, 708± 73, 575 81, 644 ±
18, 730

NA 129,000 4700

SW,Sargasso Sea 108, 264± 14, 870 28, 701± 3, 942 NA 5,140 3300

SW,Arctic Ocean NA NA NA 532 1300

Pooled Viromes

PV-1 155, 469± 16, 052 34, 512± 2, 360 1, 990± 206 ND 12000

PV-2 183, 920± 18, 009 41, 751± 3, 284 1, 428± 140 ND 6200

PV-3 196, 069± 23, 490 43, 205± 3, 865 1, 958± 235 ND 5500

PV-4 668, 901± 269, 866 151, 974 ±
54, 948

1, 272± 513 57,600 11500
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Table 4.3: Reanalysis of phage metagenomes; The results from CatchAll-All singleton, CatchAll-
Empirically discounted, CatchAll- Statistically discounted and PHACCS are from [2]. NA: Not
applicable because contig spectra did not contain sufficient data;NM: NonMedicated; RW: Re-
claimed fresh water; SW: Salt Water; ND:Not determined;PV: Pooled Virome; PV-1 : The seven
swine fecal viromes, PV-2: The four reclaimed fresh water viromes; PV-3: Nonmedicated swine
feces, 85 d, mixed with reclaimed fresh water, effluent; PV-4: The four saltwater viromes.

The proposed method was further used to estimate richness of mentioned environ-

mental samples (Table 4.3). The richness estimates from the CatchAll implementations

excluding CatchAll statistically discounted are significantly higher than the estimated

richness from the proposed method. With most of the environmental samples (12 out of

18), PHACCS results in lower richness than the proposed method.

4.4 Summary and Contributions

This chapter presents an extended study of methods for estimating species richness us-

ing virome data on simulated data representing viromes of varying complexities. It was

further identified that the existing methods may have limited applicability due to the as-

sumption that all the species in the environmental sample have equal genome lengths.

Consequently, this chapter suggests a new approach to consider the variability in genome

lengths when estimating species richness using virome data. The proposed method en-

ables inferring the genome lengths distribution of the species additionally. The optimisa-

tion procedure incorporated in the proposed approach was shown to be robust based on

simulated data. Furthermore, the proposed method was used to reanalyze metagenomes

from various environments.

The key contributions of this chapter are as follows:

• Design and creation of a simulated dataset which was further used to evaluate mul-

tiple methods for estimating species richness using virome data. The simulated

data corresponds to viral communities with different richness, evenness and aver-

age genome lengths.

• Proposing a new formulation including the variability in genome lengths and an
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appropriate optimization procedure to estimate richness from a virome.

• Demonstrating the robustness of the proposed approach on simulated data of vary-

ing complexities.

• Application of the proposed method to reanalyze real metagenomes and to further

infer their genome length variabilities.



Chapter 5

Inferring Differences in Transcript
Usage from RNA-Seq Data

Measure is treasure.

-A proverb

THE changes in genetic mechanisms of a cell of an organism under different con-

ditions may act as a guide for effects of different conditions on a cell. One way

of profiling the mentioned changes is to study the transcriptome of a cell under multi-

ple conditions. RNA-Seq is widely used to study the transcriptome given its advantages

over the traditional approaches. One of the applications of RNA-Seq is the analysis of the

relative expression between multiple transcripts of a gene across experimental conditions

(DTU: Differential Transcript Usage).

5.1 Introduction

A key step in the DTU analysis of genes is the alignment of sequence reads to a refer-

ence genome/transcriptome. The number of sequence reads mapping to the reference

sequence is used to further quantify the expression levels of transcriptional units. Super-

Transcripts [16] is an alternative reference sequence proposed for analysing organisms

with no/incomplete reference. It is a way of determining the alignment of transcriptional

units of an organism in a data-driven manner, which can later be used as the reference

for sequence alignment.

This chapter presents the work on use of superTranscripts in count based methods

for DTU analysis in model organisms (i.e. where good transcript annotations are avail-
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able). In count based methods (also termed ’counting-bin approaches’), exonic sequences

of a genome are considered as bins and the number of sequence reads mapping to each

bin is used to infer DTU [66]. To do so, an annotation specifying the position of exonic

sequences ought to be provided. In superTranscripts, the exonic sequences are termed

’blocks’ and two methods to generate the superTranscripts annotations have been pro-

posed [16]. For a model organism, the superTranscripts annotations may be generated

either based on reference or experimental data. A method of determining the positions of

superTranscripts blocks which utilises both reference and experimental data is proposed

in this work.

The multiple superTranscsripts annotations and the work flow for DTU analysis us-

ing them are detailed in section 5.2. Multiple count based methods for DTU analysis

were evaluated on simulated and real data of model organisms: human, drosophila and

arabidopsis thaliana. The methods and datasets used in the evaluation are detailed in

section 5.2 and the results are discussed in section 5.4.

5.2 Methods

5.2.1 Three definitions of counting blocks (bins) of superTranscripts

This work considers three definitions of superTranscripts blocks in count based meth-

ods for DTU (Figure 5.1). They are namely superTranscripts standard (ST-standard/ST-

default), superTranscripts dynamic (ST-dynamic) and superTranscripts dynamic blocks

including alternative start and end sites (ST-dynamic-as).

SuperTranscripts sequence of a model organism is constructed from the exonic se-

quences of the reference transcriptome [16]. The exonic sequences of multiple transcripts

of a gene that occur adjacent to each other in all transcripts are merged into one block in

the superTranscripts standard block annotation. In contrast, experimental data is used to

generate the superTranscripts dynamic block annotation. Specifically, the block bound-

aries are defined based on the splice junctions that are observed from the read alignments

to the superTranscripts sequence [16]. However, the alternative start and end positions

of the multiple transcripts in the sample are not discovered when generating the super-
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Figure 5.1: Schematic illustration showing the exonic boundaries definitions in super-
Transcripts and DEXSeq annotations, for a gene with four annotated transcripts
One of the exons has alternative boundaries (E1,E2). The test samples consist of three of the
annotated transcripts. The E4 and E5 exons are merged into one block in the superTranscripts
standard block annotation, because they occur together in all the annotated transcripts. The su-
pertranscripts dynamic block annotation will define block boundaries based on observed splice
junctions (regards to T2, T3). The dynamic-as annotation adds the annotated alternative start and
end sites to the supertranscripts dynamic block definitions

Transcripts dynamic block annotation.

Alternative start and end sites are regarded to be the main cause of the transcript

isoform diversity across multiple tissues and cell types [58]. In contrast to the common

assumption that the eukaryotic genes have a single start codon, it has been shown that

a diverse set of proteins may be created from a single gene if it consists of multiple start

codons [38]. Further, a comparative genomics study has shown that the use of alternative

transcription start sites is a functional mechanism to accelerate the translation process

and/or to translate different protein variants in multiple species [7].

Given the significance of alternative start and end sites in transcription, an annotation

of superTranscripts which considers alternative start/end sites in the annotated tran-

scripts is proposed . The new annotation is referred as ’superTranscripts dynamic block

including alternative start and end sites (’ST-dynamic-as’). SuperTranscripts dynamic-as

annotation is constructed based on the experimental data and the reference annotation.

Similar to ST-dynamic annotation, the block boundaries are first determined from the

splice junctions extracted from the experimental data [16]. They are then combined with
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the transcript start and end sites extracted from the reference annotation.

Consequently, the superTranscripts based annotations will generally have fewer an-

notated blocks than the number of annotated exons of model organism as shown with

human and drosophila (Figure 5.2). The ST-standard annotation will generally have more

blocks than ST-dynamic annotation although dynamic blocks have the ability to divide

transcripts at unannotated splicing junctions. Moreover, ST-dynamic-as may include the

exonic regions included in ST-dynamic-as albeit the former will have alternative start and

end sites in addition.

Figure 5.2: The number of annotated exons were extracted from the reference genomic
sequence/annotation
The number of blocks were extracted from the superTranscripts sequence and the different su-
perTranscripts based annotations. In order to construct the superTranscripts dynamic block an-
notations, the simulated data from [66] were used (Detailed further in Datasets). Being a more
complex genome than drosophila, the human annotation has a larger number of annotated ex-
ons/blocks.
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5.2.2 Work flow to test for DTU based on superTranscripts of a model organ-
ism

The key steps in inferring DTU in genes using superTranscripts are (1) constructing the

superTranscripts from the reference transcripts, (2) generating block definitions, and (3)

statistical testing for DTU (Figure 5.3).

The superTranscripts sequence of a model organism is constructed by merging the

exonic sequences extracted from the reference sequence and annotation. As described

in [16], the exons of all transcripts are located in the reference genome sequence and are

merged. This is termed ’flattening’ the genome annotation. Next, block (exon) sequences

are extracted from the reference genome and are concatenated to generate superTran-

scripts sequences that correspond to each gene. To generate the superTranscripts stan-

dard block annotation, the genomic coordinates of the transcripts are mapped back to

the superTranscripts and transcripts are flattened to blocks [16].

ST-dynamic block annotation is constructed from the read alignments to the super-

Transcripts sequence [16]. Specifically the reads are aligned to the superTranscripts us-

ing a splice aware aligner and the positions of splice junctions are used to define block

boundaries. To filter mapping artifacts, block boundaries are only added if the number

of uniquely mapping reads crossing a junction is greater than a given threshold (in this

work, more than 5 reads). The ST-dynamic-as block annotation adds block boundaries

at any alternative start and end positions which are extracted from transcripts in the ref-

erence annotation. Once annotations have been defined, counting the reads that map to

each block is performed using featureCounts It results in a matrix of the number of reads

per block per sample [40]. Finally, this matrix is used as input to DEXSeq for testing for

DTU [4]. DEXSeq outputs a per gene q value which is used to determine the genes with

DTU.

In this work, the STAR aligner (Version 2.5.2a) was used to perform read alignments

and the SJ.out.tab file was used to extract the number of reads mapping to splice junc-

tions.

In STAR [17], splice junctions are detected based on a sequential search for Maximal

Mappable Prefix (MMP). Given a read sequence r, read location i and a reference genome
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sequence G, the MMP(R,i,G) is defined as the longest substring (Ri, Ri+1, ..., Ri+(MML–1))

that matches exactly one or more substrings of G, where MML is the maximum mappable

length [17]. Firstly, the MMP search is conducted from the first base of the read which

will map to a donor splice site. Next, MMP search is repeated for the unmapped read

portion which will map to an acceptor splice site. Inability to detect the splicing events

involving short sequence overhangs of (55-10 bp) accurately has been identified as a lim-

itation with de novo RNA-Seq assemblers. The splice junction detection method of STAR

is formulated to address this limitation as well [17].

The number of reads mapping to superTranscripts blocks were counted using fea-

tureCounts function from Rsubread R package. When analysing samples with paired-

end reads, the paired-end mode was used (-p) with both ends mapping (-B). Reads were

allowed to map multiple features (-O) and each overlapping region was assigned a frac-

tion of counts (–fraction) of 1/n where n is the total number of features overlapping

with the reads. For each gene, DTU was determined using the R package DEXSeq (v

1.22.0). The scripts to construct the superTranscripts of model organisms are available at

https://github.com/Oshlack/superTranscript_paper_code.

Figure 5.3: Schematic illustration of workflow for DTU analysis using superTranscripts

5.3 Datasets

SuperTranscripts based testing for DTU in model organisms was evaluated and com-

pared against DEXSeq based approaches using simulated data of drosophila and human

https://github.com/Oshlack/superTranscript_paper_code
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generated in [66] (Sim-1). Alternative splicing is more common in animals than in plants

[42, 83]. Moreover, plants and animals also differ in terms of the most common alterna-

tive splicing (AS) event type. In arabidopsis thaliana, it is intron retention whereas in

human and drosophila, it is skipped exons. Consequently, simulated data of arabidopsis

thaliana (Sim-2) from [42] were considered in evaluation considering the differences ob-

served between plants and animals in splicing mechanisms [22, 42, 83]. Furthermore, the

experimental data from [11] was analysed using superTranscripts of drosophila and its

multiple block definitions. Mentioned data was further analysed with DEXSeq pipeline

for DTU [4].

The simulation procedure of Sim-1 is described in detail in [66] and may briefly be

outlined: Three biological replicates of two conditions have been simulated for each or-

ganisms and 40 million (for human) and 60 million (for drosophila) paired reads have

been simulated using RSEM [39] for each sample. RSEM is used to simulate the se-

quencing process and generate fastq files based on the expression values provided for

each isoform in a reference annotation in terms of transcripts per million (TPM). Pa-

rameters of the simulation settings have been calculated from real data. A set of 1000

genes has been randomly selected to have DTU in each experiment. All these randomly

selected genes have two expressed isoforms with at least 10% difference in relative abun-

dances and have an expected gene level count of 500 readscounts per million. The

relative abundances of two most abundant isoforms of selected DTU genes with DTU

in one condition have been reversed in the other condition. These simulated datasets

were downloaded from https://www.ebi.ac.uk/arrayexpress/experiments/

E-MTAB-3766/. The truth files for evaluations and results from analysis of the simu-

lated datasets using standard methods for comparisons were downloaded from http://

imlspenticton.uzh.ch/robinson_lab/splicing_comparison/. The reference

genome sequences and annotations of human and drosophila were downloaded from the

sources mentioned at https://github.com/markrobinsonuzh/diff_splice_paper

to be consistent with the previous analysis.

SuperTranscripts based analysis of DTU in plant systems was evaluated on simulated

data of arabidopsis thaliana. A recent study, [42] has evaluated methods for detecting al-

https://www.ebi.ac.uk/arrayexpress/experiments/E-MTAB-3766/
https://www.ebi.ac.uk/arrayexpress/experiments/E-MTAB-3766/
http://imlspenticton.uzh.ch/robinson_lab/splicing_comparison/
http://imlspenticton.uzh.ch/robinson_lab/splicing_comparison/
https://github.com/markrobinsonuzh/diff_splice_paper
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ternative splicing in plants based on simulated data of arabidopsis thaliana . It includes a

stratification of the data based on AS event type and simulates 3 to 10 number of samples.

To evaluate the use of superTranscripts for DTU analysis in plant systems in addition to

animals, mentioned data were used. The total number of genes with at least one splicing

variant in arabidopsis thaliana is 5885. The simulated dataset considered in this evalu-

ation includes 1756 genes that have exactly two transcripts and a single splicing event.

The dataset simulates 3-10 number of samples under control and experimental conditions

with high degree of differential splicing and read depth of 100x [66].

The original study corresponding to the experimental data from [11] has explored the

effect of depleting the gene pasilla on splicing events of genes in drosophila. The study

included seven biological samples: three treated and four untreated. The reads have been

sequenced either in paired-end or single-end mode on an Illumina Genome Analyzer II.

They were downloaded from the NCBI Gene Expression Omnibus (GEO) under acces-

sion number GSE18508 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?

acc=GSE18508). The reads were aligned using the STAR aligner (version 2.5.2a) [17]

either in paired-end or single-end reads modes.

5.3.1 Evaluation

Multiple counting bin definitions were evaluated for their true positive rate (TPR) and

false discovery rate (FDR) in DTU analysis. The TPRs and FDRs were calculated based

on the per gene qvalues computed from DEXSeq which are thresholded to determine the

genes with DTU. The qvalues were thresholded at three values: (0.01, 0.05, 0.1). TPR is

defined as the fraction of genes that have true DTU with qvalue below the given threshold

and FDR is defined as the fraction of genes that have a qvalue below the threshold with

no DTU. In the analysis of real data, we compared the results from the analysis with

superTranscripts based annotations against that with standard DEXSeq pipeline [4].

Two implementations of DEXSeq approach were considered in evaluation of perfor-

mances with simulated data of human and drosophila, namely DEXSEQ-default and

DEXSEQ-noaggreg. The key difference between these two approaches is how two genes

with overlapping exons are handled. In DEXSEQ-default, if an exon of one genes over-

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE18508
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE18508
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laps with an exon in another gene of the same strand, then the genes are aggregated into

one gene when forming the counting bins. In contrast, DEXSEQ-noaggreg does not in-

clude exons that overlap with other exons from different genes included as counting-bins

[4, 66].

Furthermore, a real dataset of drosophila was analysed using multiple superTran-

scripts block definitions and default DEXSeq pipeline for DTU analysis. The expression

levels of multiple genes that were identified with DTU in real data were visualised using

GViz [24] with the drosophila superTranscripts as the reference.

5.4 Results

5.4.1 SuperTranscripts can be used to test for DTU with comparable or better
FDR compared to standard methods

To evaluate the use of superTranscripts for DTU analysis, the use of superTranscripts

blocks was compared against the use of standard counting bin approaches on simulated

data of human and drosophila from [66]. The same testing framework as in [66] was

used and the TPR and FDR from multiple approaches for detecting DTU (Figure 5.4,5.5)

were compared. The results demonstrate that the superTranscripts based approaches

resulted in better FDR control than the DEXSeq-based approaches although the sensi-

tivity is sometimes slightly reduced. These trends were similar in both the human and

drosophila data sets, however the FDR values from all the methods are higher with hu-

man dataset than with drosophila dataset.

With the drosophila dataset, superTranscripts based approaches resulted in better

FDR control than using counting bins defined by DEXSeq-default (Figure 5.4). The three

superTranscripts based approaches have similar FDR in comparison to each other. The

use of superTranscripts dynamic block annotation for DTU resulted in the lowest FDR

with the drosophila dataset. In terms of TPR, ST-default resulted in highest or compara-

ble to DEXSeq-default values with drosophila dataset.

With the human dataset, ST-default has resulted in lowest FDR and annotation of

blocks considering alternative start and sites (ST-dynamic-block-as) resulted in FDR val-
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Figure 5.4: Performances of multiple methods for DTU analysis with simulated datasets
of drosophila

ues comparable to ST-default (Figure 5.5). However, not including the alternative start/end

site block boundaries when generating dynamic-block annotation results in a noticeable

reduction in performance in terms of FDR. This is likely due to many of the simulated

alternative isoforms driven by changes in the start position of transcripts in the human

simulation. In terms of TPR, all methods except DEXSeq-default have comparable per-

formances with DEXSeq-noaggreg which has resulted in the highest TPR with the human

dataset. ST-DynamicBlock-AS resulted in a slightly improved TPR compared with other

superTranscripts based approaches.

The higher complexity in human transcriptome compared to the the drosophila tran-

scriptome is hypothesized to result in higher FDRs with human data than with drosophila

data when different counting methods are used to infer DTU [66]. Similarly, FDRs with

human data is higher than the FDR obtained with drosophila using multiple methods

considered in this study. All the methods except dynamic block definitions of superTran-

scripts have similar performances in TPR with both human and drosophila datasets. The

dynamic block definitions of superTranscripts result in higher TPR with human dataset
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Figure 5.5: Performances of multiple methods for DTU analysis with simulated datasets
of human

than with the drosophila dataset.

5.4.2 Comparison against isoform prefiltering methods

Performance of multiple methods to test for DTU were further compared against the

performances obtained from excluding lowly abundant isoforms from the annotation

prior to DTU analysis. They were evaluated using the simulated data of human (Figure

5.7) and drosophila (Figure 5.6). Isoform prefiltering has been shown to result in better

control in FDR with both human and drosophila datasets [66]. SuperTranscripts based

approaches results in FDR values comparable to isoform prefiltering. Prefiletering iso-

forms with relative abundances less than 10% and 25% results in the highest TPRs with

drosophila and human datasets respectively. The TPR from isoform prefiltering strategy

with drosophila is 1% higher than the superTranscripts based approach. On the human

dataset, the isoform prefiltering strategy results in 4% higher TPR than the superTran-

scripts based approach.
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Figure 5.6: Performance comparison of isoform prefiltering strategy and superTranscripts
based methods for DTU with simulated data of drosophila

Figure 5.7: Performance comparison of isoform prefiltering strategy and superTranscripts
based methods for DTU with simulated data of human
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Prefiltering isoforms with relative abundances less than 25% ( DEXSeq-noaggreg (>

25%)) results in lowest FDR with both drosophila and human datasets. The FDR from a

superTranscripts based approach is 10% and 15% higher than FDR from DEXSeq-noaggreg

(> 25%) with drosophila and human datasets respectively. A limitation with imple-

menting the isoform prefiltering strategy on an experimental dataset is that the relative

abundances of isoforms are not known. Therefore, first the isoform abundances have to

be estimated and next DTU analysis may be performed after filtering out the isoforms

with low abundances from the annotation. Moreover, the prefiltered isoforms with a

low abundance may have DTU, hence not including them in the analysis may reduce

the TPR . Furthermore, isoform prefiltering strategy may not be effective when used on

an organism with an incomplete annotation. In comparison, superTranscripts based ap-

proaches are less complex, do not require a prior knowledge on the isoform abundances,

and can be effectively applied on an organism with an incomplete annotation. As shown

with simulated data, superTranscripts based methods results in TPR comparable to the

isoform prefiltering strategies.

5.4.3 Analysis of real data

SuperTranscripts of drosophila was used to test for DTU on the experimental data from

[11]. The results with superTranscripts were compared against the results based on the

reference annotation using the DEXSeq analysis pipeline for testing for DTU [4]. (Table

5.1, Figure 5.8).

ST-Standard ST-dynamic ST-dynamic-as DEXSeq
DEXSeq 109 102 103 178
ST-dynamic-as 165 167 174
ST-dynamic 162 174
ST-Standard 187

Table 5.1: The total and common number of genes that were identified with DTU in the
Brooks et al. dataset using multiple methods (qvalue threshold = 0.01)

Each method produces a similar number of genes with DTU, however the number

of genes identified with DTU based on ST-standard is the highest. The genes identified

from the different superTranscripts methods had substantial overlap (88-96%) while the
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Figure 5.8: Venn diagram showing the number of genes identified with DTU in the
Brooks et al. dataset using multiple methods (qvalue threshold = 0.01)

DEXSeq exon counting method only had 58%-61% overlap with the superTranscripts

based methods.

The read coverage distributions of genes identified with DTU based on multiple

methods were visualised using GViZ [24] based on superTranscripts of drosophila. Su-

perTranscripts of an organism can be effectively used for a compact visualisation of reads

coverage and isoform splicing, because the intronic sequences are excluded. The gene

FBgn0062413 has been identified with DTU from multiple superTranscripts based meth-

ods, but it was not identified with DTU from the DEXSeq pipeline. The visualisation

of the gene FBgn0062413 (Figure 5.9 ) corroborates the differential expression of exonic

sequences in different conditions.

5.4.4 SuperTranscripts of arabidopsis thaliana

In addition to considering human and drosphila, superTranscritps based DTU analysis in

plants was evaluated using simulated data of arabidopsis thaliana. Supertranscripts se-
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quence and standard annotation of arabidopsis thaliana were created based on the latest

arabidopsis thaliana genome TAIR 10 genome sequence and annotation.

TPR values obtained from superTranscripts based approaches with simulated data

of arabidopsis thaliana at qvalue = 0.1 are less than that with human and drosophila

(Figure 5.10). SuperTranscripts standard blocks definition of arabidopsis thaliana results

in higher TPR than the superTranscripts dynamic blocks definitions on simulated data.

DEXSeq-default is shown to be the most robust in TPR with varying number of samples.

SuperTranscripts dynamic annotations demonstrates better control in FDR than the

superTranscripts default annotation (Figure 5.10). The maximum FDR as the number of

samples are varied at a qvalue threshold =0.1 has been 0.16 when number of samples=10.

It demonstrates that the methods considered in this evaluation are robust in FDR control

with varying number of samples.

Considering the genes with DTU in the simulated dataset, their number of exonic

blocks recorded in superTranscript based annotations is less than that in annotation gen-

erated with DEXSeq (Figure 5.11). The average number of transcripts per gene in ara-

bidoposis thaliana is 1.24 [83]. Consequently, it is expected that the number of blocks in

superTranscripts standard annotation will be less than that in DEXSeq annotation which

considers the exonic regions in the original annotation. It was observed that when used

to align reads against the superTranscripts of arabidopsis thaliana, the default settings in

STAR aligner skips recording splice junctions in some genes. As a result, it may reduce

the TPR in detecting genes with DTU with superTranscripts of arabidopsis thaliana. In-

vestigation into this issue is a possible topic of future work.

5.5 Discussion

One of the main applications of RNA-Seq is differential expression analysis. Looking at

expression differences at transcript levels is deemed to be useful in many studies. Using

superTranscripts as a reference facilitates the data-driven analysis of RNA-Seq data. This

work explored the fidelity of superTranscripts for detecting genes with DTU from RNA-

Seq data for well annotated genomes.
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The pipeline for DTU analysis with superTranscrips uses the same statistical testing

framework as previous counting bin approaches. However, the counting bins are ex-

tracted based on superTranscripts block definitions. Three definitions of superTranscripts

blocks were considered to construct counting bins including a definition that accounts for

the alternative start and end sites that is being often observed in alternative splicing. As a

result of merging some exonic sequences, the superTranscript standard block annotation

may contain fewer number of blocks than the number of exons in the reference annota-

tion. Further, the dynamic block definitions of superTranscripts may contain fewer blocks

because the blocks are based mainly on the observed data.

The results with the simulated datasets show that using superTranscript for DTU

analysis with model organisms results in better or comparable FDR control compared

to the standard methods. Previously proposed isoform prefiltering strategies have more

control in FDR than the superTranscripts based approaches, yet are hindered by the re-

quirement to calculate the isoforms abundances before DTU analysis. In contrast, Su-

perTranscript based approaches analyse DTU with fewer steps than isoforms prefiltering

strategy. SuperTranscripts is mostly data driven and incorporate the scenarios of alterna-

tive start and end sites in alternative splicing when analysing DTU. Furthermore, super-

Transcript dynamic block definitions allow the effective analysis of DTU for organisms

with an incomplete annotation.

It is observed with the real data that superTranscript based methods are able to iden-

tify genes with DTU which are not captured by DEXSeq pipeline. The count distributions

of the genes identified with DTU under two different conditions based on multiple su-

perTranscript block definitions were similar to each other but different from that using

DEXSeq pipeline. As was demonstrated with the real dataset of drosophila, the multiple

superTranscripts annotations can also be used to effectively visualise the DTU of genes.

The data driven construction of superTranscripts has been deemed to be effective in

studying non-model organisms. This work suggests that superTranscripts incorporating

reference information can be used to study DTU of transcripts in model organisms as

well, with better or comparable performances compared to standard methods. Further-

more, the compact representation of exonic sequences achieved from superTranscripts
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enables the effective visualisation of expressions of multiple transcripts.

5.6 Summary and Contributions

This chapter proposed the use of superTranscripts to infer DTU in genes of model organ-

isms. In addition to the existing superTranscript block definitions, an approach is sug-

gested to account for the alternative start and end sites of multiple possible transcripts of

a gene in a sample.

The evaluation of multiple methods for DTU on simulated data demonstrates that su-

perTranscripts may yield better control in FDR than the standard reference-based meth-

ods when applied on human and drosophila. Furthermore, the effectiveness of super-

Transcripts in visualizing the genes with DTU was demonstrated with real data of drosophila.

This chapter also presented an analysis of performances of multiple methods to infer

DTU on simulated data of arabidopsis thaliana which differs from animals in its charac-

teristics in alternative splicing.

The key contributions of this chapter are as follows:

• Proposing an approach to infer and include alternative start and end sites when

defining superTranscripts block boundaries from the sample data, which is further

used as counting-bins to infer DTU in genes.

• Providing superTranscripts sequences and annotations of fruit fly and arabidopsis

thaliana.

• Evaluating multiple methods for inferring DTU in genes on simulated data of hu-

man, drosophila and arabidopsis thaliana.

• Comparatively analyzing a real dataset of fruitfly using multiple methods to infer

DTU and visualizing the genes with DTU using supertranscripts of the fruit fly.
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Figure 5.9: Visualisation of the gene FBgn0062413 which was reported to have DTU in
the data from Brooks et al. based on superTranscripts of drosophila
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Figure 5.10: Performances of methods for DTU analysis with the simulated data of ara-
bidopsis thaliana as the number of samples is increased; qvalue threshold = 0.1

Figure 5.11: Number of exonic regions in genes with DTU based on multiple annotations
used to analyse simulated 10 samples of arabidopsis thaliana



Chapter 6

Conclusion

THIS thesis focuses on developing robust methods to infer significant sample spe-

cific characteristics from complex data generated from experiments involving high

throughput DNA sequencing. Specifically, the thesis contributes in addressing three pri-

mary questions in analysing DNA sequencing data with significant importance in bi-

ology. This chapter provides a summary of the key contributions and suggestions for

further research.

6.1 Summary of Contributions

The thesis mainly explores adopting data-driven approaches for inferring from high

throughput sequencing data generated in metagenomics (Chapters 3, 4) and RNA-Seq

(Chapter 5) studies.

Chapter 3 proposes a new workflow for binning metagenomic sequences which may

further assist in profiling taxonomic diversity of an environmental sample. The proposed

workflow, Coverage and composition-based binning of Metagenomes (CoMet) is a two-

tiered workflow for binning a single metagenomic sample. It utilizes the features contig

coverage, GC content and Tetranucleotide Frequencies (TF) to group sequences while in-

corporating appropriate clustering methods at each tier. To achieve this, a coarse group-

ing of contig sequences is first generated based on coverages and GC content of the contig

sequences. Density Based Spatial Clustering for Applications with Noise (DBSCAN) is

used to bin contigs at the initial step as DBSCAN is robust in handling outliers and en-

ables inference of number of distinct groups from the data. Multiple binning methods

81
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were evaluated on benchmark data of varying complexity including a sample of strains.

The results demonstrate that CoMet enables binning contigs in a metagenomic sample

with higher or comparable precision. The approach in CoMet is demonstrated to yield

higher precision than binning methods which is based only on contig composition. It

results in higher or comparable precision when compared with both contig coverage and

composition-based methods. CoMet is shown to improve the precision and recover con-

tigs of more species when applied on a sample of strains.

In the analysis of metagenomes of viruses, Chapter 4 presents a new approach to es-

timate species richness using virome data which may further assist in inferring species

diversity of environmental samples. This chapter evaluates the performance of multiple

methods that estimate species richness using simulated data representing viromes with

multiple characteristics. It has been shown that assuming all species in a sample have

equal genome lengths may limit the application of methods to estimate species richness

using virome data. Consequently, a new approach that considers variability in genome

lengths and enables estimation of species richness, and inference of genome lengths vari-

ation based on virome data is presented in Chapter 4. The proposed approach uses Ge-

netic Algorithm for optimisation to infer community characteristics from contig spectrum

data. The robustness of its optimization procedure was demonstrated on simulated data.

The proposed approach was applied on a number of real metagenomes from multiple en-

vironments. The significance of this study is that it proposes an approach to account for

the variability in genome lengths of the species when estimating species richness using

virome data.

Multiple transcripts of a gene may have differences in their expressions across sam-

ples which may assist in understanding the biological processes of cells. Supertranscripts

refers to a sequence and an annotation specifying the exonic regions of a gene which may

further be used to infer differential transcripts usage (DTU) of genes. Chapter 5 explores

DTU analysis from the sequencing data generated in an RNA-Seq experiment based on

supertrancripts. It considers the use of three definitions of superTranscripts blocks (cor-

responding to exonic regions of a gene) to infer DTU in model organisms. The evalu-

ation of multiple counting-bin based methods for DTU on benchmark data of human
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and drosophila demonstrates that superTranscripts block definitions yield better control

in false discovery rate (FDR) than the standard reference-based methods. It has been

demonstrated that filtering isoforms with less abundances prior to DTU analysis may re-

sult in better control of FDR. Supertranscripts is demonstrated to yield performance com-

parable to isoform prefiltering, but in a simpler workflow. Furthermore, it was demon-

strated that due to its compact representation of the exonic blocks, superTranscripts may

effectively be used to visualize the genes with DTU. In addition, Chapter 5 illustrated

an analysis of DTU in genes of arabidopsis thaliana which has splicing characteristics

different from human and drosophila.

6.2 Future Research

In the context of binning nucleotide sequences of a metagenome, a number of future di-

rections are proposed: Comet, the two-tiered workflow that is proposed in this thesis is

demonstrated to improve precision in binning a metagenome. In this work, it was ob-

served that the overall performance of multiple binning methods in F1 score varies with

multiple datasets and F1 score of CoMet is significantly higher with the sample of strains.

Consequently, it maybe worth exploring a mechanism to lower the false positives, which

in turn will improve the recall of CoMet. This may include assigning unbinned contigs to

the highly precise bins, merging or splitting binning and evaluating the overall binning

performance. Furthermore, extending CoMet to capture the groupings with different

densities in GC-log(coverage) may be worthwhile. Binning samples containing multiple

strains is a challenging task, and the benchmark data for evaluating binning methods on

samples of strains are found to be limited. Consequently, the design and development

of benchmark datasets similar to the data in the Critical Assessment of Metagenome In-

terpretation (CAMI) [63] challenge will assist in developing robust binning strategies.

Such benchmark data may represent complexities in experimental setups and microbial

compositions. Evaluation of CoMet on such data will provide better understanding of its

applicability on samples with varying number of species and strains per species. CoMet

does not use reference genomes for binning metagenomic sequences, and this thesis con-
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siders methods similar to CoMet for perfomrance evalutions. Performance evaluations

may be further extended including methods using reference genomes which may require

generation of new benchmark data.

In relation to methods for estimating species richness using virome data, the follow-

ing work is proposed as future work: As the sequencing depth in sequencing experiments

is increased, the contig lengths are becoming longer. Consequently, the distribution of

contig lengths may assist in inferring genome lengths variations and be incorporated into

the richness estimation as proposed in Chapter 5 of this thesis. Furthermore, it is worthy

to explore the applicability of methods for species richness estimation which do not ac-

count for the variabilities in genome lengths of the species in a sample on benchmark data

representing such variabilities. That knowledge will be beneficial in improving the accu-

racies of inferences from the mentioned methods. Further exploration of fidelity of GA

based optimisation used in species richness estimation considering possible variabilities

within genome communities will also be beneficial.

With regards to the differential transcript usage analysis in model organisms using

superTranscripts, further work on the effect of splice-junctions identification when defin-

ing superTranscripts blocks dynamically is suggested. It will be significantly beneficial

in data-driven analysis of DTU in organisms with varying characteristics in alternative

splicing. The published simulated data of Arabidopsis Thaliana [74] may further assist

in learning the effect of splice-junctions identification on detecting genes with DTU.
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