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Abstract

Microbes are essential in our lives in many aspects. They inhabit our bodies often in a
commensal relationship. We utilize them in many fields of biotechnology and pharmacy.
They are also causative agents of many infections as pathogens. Until the development
and widespread availability of next-generation sequencing technologies, it was possible
to study them only under traditional culture conditions. However, even today, we can
grow only a minority (reported as low as 1%) of them in cultures. In nature, they live
in interaction with other microbial species, called the microbiome, as well as their host
and other factors in the environment. Metagenomics is the study of microbial genomes

as the total collection of their genetic material sequenced directly from a microbiome.

This dissertation presents several novel methodological advancements to the study
of microbial genomes, with a focus on microbiomes. The emergence of long-read se-
quencing technologies has enabled researchers to study microbial genomes in more de-
tail, faster, and more conveniently. The computational methods to analyze metagenomes
were initially developed for short-read sequencing technologies. They needed adapta-

tions before the long-read sequencing methods could be used for microbiome research.

The first challenge addressed here is the taxonomic and functional binning of long-
reads from a long-read metagenomic sequencing dataset. A new lowest-common-ancestor
(LCA) algorithm was developed in the Metagenome Analyzer (MEGAN) tool, such that
it is capable of accurately binning long-read metagenomic datasets. In the second study
presented, this algorithm was applied to the output of a pipeline that was developed to
assemble metagenome-assembled-genomes (MAG) from environmental samples using
only long-read sequencing. The systematic frameshift errors in long-read assemblies

were also addressed to enable further downstream analysis on them, such as quality con-

il
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trol of the assembled contigs and annotation. It was demonstrated that obtaining even
closed, circular chromosomes as contigs from long-read only metagenomic sequencing

of ordinarily complex environmental samples is possible.

In a separate study, a novel software and a set of algorithms called MAIRA were
developed to help researchers in biological and clinical fields to analyze microbiomes
in a time and cost-efficient manner. MAIRA is aimed to run a modern laptop without
requiring access to compute servers and perform taxonomic and functional analysis of
metagenomes in real-time, and in the field of sequencing. It takes the real-time basecall-
ing and portability advantages of Nanopore sequencing, and couples them with efficient
algorithms to report which species are present in an environmental sample and which

antimicrobial resistance or virulence factor genes they carry.

Lastly, it was demonstrated how phylogenetic outlines can be applied to the phylo-
genetic context of microbes to evaluate their evolutionary relationships. Novel micro-
bial genomes are efficiently compared against a database of publicly available microbial
genomes to estimate their evolutionary distances to each other. These distances are then
used to construct a phylogenetic outline, which is shown to be an alternative and appro-

priate approach to determining the phylogenetic context of novel microbial genomes.

Altogether, the methods presented here progress our capabilities in the computational
analysis of microbial genomes. As the rapid developments in sequencing technologies
continue, the demand for novel computational methods to analyze the ever-growing size

of microbial datasets will continue to exist.
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Kurzfassung

Mikroben sind in vielerlei Hinsicht von wesentlicher Bedeutung fiir unser Leben. Sie
siedeln in unserem Korper, oft in einer Art des Kommensalismus. Wir nutzen sie in vielen
Bereichen der Biotechnologie und Pharmazie. Aber als Krankheitserreger sind sie auch
die Verursacher vieler Infektionen. Bis zur Entwicklung und breiten Verfiigbarkeit von
Next-Generation-Sequencing-Technologien war es nur moglich, sie unter traditionellen
Kulturbedingungen zu untersuchen. Doch selbst heute kann nur ein geringer Anteil von
thnen in Kultur geziichtet werden (Berichten zufolge bis zu 1%). In der Natur leben sie
in Interaktion mit anderen mikrobiellen Spezies, dem so genannten Mikrobiom, sowie
mit ihrem Wirt und weiteren Faktoren ihrer Umwelt. Unter Metagenomik versteht man
die Untersuchung mikrobieller Genome als Gesamtheit ihres genetischen Materials, das

direkt aus einem Mikrobiom sequenziert wird.

In dieser Dissertation werden mehrere neue methodische Fortschritte bei der Erfor-
schung von mikrobiellen Genomen vorgestellt, wobei der Schwerpunkt auf Metageno-
men liegt. Das Aufkommen von Long-Read-Sequenzierungstechnologien hat es For-
schern ermodglicht, mikrobielle Genome detaillierter, schneller und bequemer zu unter-
suchen. wurden Urspriinglich wurden Berechnungsmethoden fiir die Metagenomanalyse
fiir Short-Read-Sequenzierungstechnologien entwickelt. Sie mussten angepasst werden,
bevor die Long-Read-Sequenzierungsmethoden fiir die Mikrobiomforschung eingesetzt

werden konnten.

Die erste Herausforderung, mit der wir uns hier befassen, ist das taxonomische und
funktionelle Binning von Longreads aus einem Long-Read Metagenom Sequenzierungs-
datensatz. Ein neuer LCA-Algorithmus (Lowest Common-Ancestor) wurde im Metage-

nome Analyzer (MEGAN) entwickelt, der in der Lage ist, metagenomische Long-Reads
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akkurater Bins zuzuordnen. In der zweiten vorgestellten Studie wurde dieser Algorith-
mus auf die Ergebnisse einer Pipeline angewandt, die entwickelt wurde, um Metagenom-
assemblierte Genome (MAG) aus Umweltproben zu assemblieren, die ausschlieBlich un-
ter Verwendung von Long-Read-Sequenzierung generiert wurden. Die systematischen
Frameshift Fehler in Long-Read-Assemblies wurden ebenfalls beriicksichtigt, um wei-
tere nachgelagerte Analysen zu ermoglichen, wie z. B. die Qualititskontrolle der assem-
blierten Contigs und die Annotation. Es wurde gezeigt, dass es moglich ist, selbst ge-
schlossene, zirkulire Chromosomen als Contigs aus der reinen Long-Read-

Metagenomsequenzierung von normalerweise komplexen Umweltproben zu erhalten.

In einer separaten Studie wurden eine neuartige Software und eine Reihe von Al-
gorithmen mit dem Namen MAIRA entwickelt, um Forschern in biologischen und klini-
schen Bereichen bei der zeit- und kosteneffizienten Analyse von Mikrobiomen zu helfen.
MAIRA ist darauf ausgerichtet, auf einem modernen Laptop zu laufen, ohne dass ein
Zugang zu Compute-Servern erforderlich ist, und taxonomische und funktionelle Analy-
sen von Metagenomen in Echtzeit und im Bereich der Sequenzierung durchzufiihren.
MAIRA nutzt die Vorteile des Echtzeit-Basecalls und der Portabilitit der Nanopore-
Sequenzierung und verbindet sie mit effizienten Algorithmen, um zu ermitteln, welche
bakteriellen Spezies in einer Umweltprobe vorhanden sind und welche Gene fiir antimi-

krobielle Resistenz oder Virulenzfaktoren diesen zugeordnet werden konnen.

SchlieBlich wurde gezeigt, wie phylogenetische Outlines auf den phylogenetischen
Kontext von Mikroben angewendet werden konnen, um ihre evolutionidren Beziehungen
zu bewerten. Neuartige mikrobielle Genome werden hierbei effizient mit einer Daten-
bank oOffentlich zugédnglicher mikrobieller Genome verglichen, um ihre evolutioniren
Distanzen zueinander abzuschitzen. Diese Distanzen werden dann verwendet, um ein
phylogenetisches Outline zu erstellen, dass sich als alternativer und gut geeigneter An-
satz zur Bestimmung des phylogenetischen Kontextes neuartiger mikrobieller Genome

erweist.

Insgesamt verbessern die hier vorgestellten Methoden unsere Fihigkeiten bei der
computergestiitzten Analyse mikrobieller Genome. Da die rasante Entwicklung der Se-
quenzierungstechnologien anhilt, wird der Bedarf an neuartigen Berechnungsmethoden

zur Analyse der immer grofler werdenden mikrobiellen Datensitze weiter bestehen.

vi
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Background

1 Taxonomic and Functional Characterization of

Microbes

Microbes play an essential role in many aspects of life, from medicine to biotechnol-
ogy. They are the causative agents of a range of infections in humans. They inhabit
many sites of our bodies, and every food we consume, often living unaware of their
host and not intending to cause harm. Many studies have shown correlations between
certain compositions of microbes (microbiota) and the state of their host in the past
few decades (Schwabe and Jobin, 2013} [Vandenkoornhuyse et al., 2015; Blaser et al.,
2014). In humans, they are known to affect weight, the immune system, or can cause
pathogenicity (Blaser et al., [2014). In agriculture, they can affect the growth of the
plants (Vandenkoornhuyse et al., [2015), as well as the metabolism, and thus levels of
carbon-emission of cattle (Mizrahi and Jami, |2018)). They are utilized in many areas of
biotechnology for the diverse metabolic capabilities of them. They are used in wastewa-
ter treatment plants (Wagner et al., 2002), in fertilization of food products, in producing
pharmaceutical products (Shen et al., 2001). They are also the source of most antibiotics
in use today in order to, paradoxically, treat diseases caused by other harmful microbes
(Hutchings et al.,2019)).

Until the emergence and the widespread use of DNA-sequencing methods became
common, microbes were studied in pure cultures. A vast majority of the microbes can
still not be cultured, making them near-impossible to study with the traditional methods

(Riesenfeld et al., 2004). In addition to them not being possible to apply to many mi-
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crobes, the traditional culture-based methods are also time-consuming. In the case of an
infection caused by a microbial pathogen, the time needed to isolate and grow the mi-
crobes in culture is measured in terms of days, even up to 45 days in some cases (Lagier
et al.,|2015). Further diagnostics, such as the characterization of the antimicrobial resis-
tance profile of the isolated microbe, require even more work and time, as well as a priori
knowledge of the microbe in question. The isolation and characterization of microbes
from more complex or less widely studied sources for applications in non-medical fields
is yet more challenging or, for some, not possible (Rinke et al., [2013)). This has led to
most microbial diversity not being studied and understood in environments such as soil
(Schmeisser et al., [2007).

Next-generation sequencing technologies started to appear and become widely used
at the beginning of the century. They allowed the researchers to characterize the genetic
materials of organisms in an accelerated and high-throughput manner, where many frag-
ments of nucleic acids are sequenced simultaneously and rapidly (Mardis, [2008). This
has also led to a shift in the study of microbes, as in other biological and medical disci-
plines. It has become possible to sequence the genetic material of complex communities
of microbes (e.g. the human gut) as a whole (Qin et al., 2010), as well as to sequence
genomes of organisms from diverse environments consisting of microbes that have not

been discovered before (e.g. from groundwater) (Tyson et al., 2004).

The complex communities of microbes (microbiome) are studied to understand both
the taxonomic composition of organisms present in environmental samples and also
their functional capabilities (Stmon and Daniel, 2011) The taxonomic profiling of mi-
crobiomes is performed using both targeted and untargeted sequencing strategies. In
targeted sequencing methods, conserved regions of the genomes of microbes are selec-
tively amplified before the sequencing. The analysis is focused on characterizing the
taxonomic profile of the sample either by using previous knowledge of the targeted se-
quence or by de novo clustering of the sequence data. 16S ribosomal RNA (rRNA) gene
is the most commonly chosen marker in bacteria and archaea for targeted analysis of mi-
crobiomes, as it contains highly conserved regions, as well as regions that are relatively
more variable (Ranjan et al.,|2016). On the other hand, the untargeted sequencing meth-
ods rely on information gained from the complete genetic material present in a sample

(metagenome) (Thomas et al., 2012).



1 Taxonomic and Functional Characterization of Microbes

Metagenomics, the study of the metagenome, can be used to resolve both the tax-
onomic profile of environmental samples, and the functions the organisms present in
the samples can carry out (Simon and Daniel, 2011). Metagenomics provides a deeper
understanding of the microbiomes than the targeted sequencing methods. It allows a
more resolved taxonomic profiling, overcoming the limitation of 16S rRNA gene-based
taxonomic analysis being bounded by genus-level assignments, for instance (Poretsky
et al., 2014). Additionally, it provides information on the gene content of the genomes
sequences, such as antimicrobial resistance genes, or virulence factors (Dos Santos et al.,
2017;[Padmanabhan et al., [2013)).

Numerous computational methods have been developed to uncover both the taxo-
nomic composition and the functional capabilities of microbes from metagenomic datasets
(Breitwieser et al., 2019). These can, first, be divided into two categories based on the
type of the input sequence data that they can work with; namely those which work di-
rectly with the raw sequencing reads (read-based methods) (Simon et al., [2019), and
those which work with contigs assembled from the raw sequencing reads (assembly-
based methods) (Sczyrba et al., 2017). Further, they can be classified into different cat-
egories, based on their computational approach. There exist alignment-based methods,
which attempt at assigning sequencing reads or assembled contigs to a taxonomic (and
functional) class based on their alignments to databases of known sequences (Breitwieser
et al., [2019). The employed databases can differ in the type of sequences they contain
(DNA or protein); and the information that they contain (whole genomes or proteomes,
or selected marker sequences from those) (Breitwieser et al.,[2019). Alignment-free ap-
proaches have also been developed, providing rapid insights into the sample, such as

using k-mers, or maximum exact matches (Ren et al.,2018).

Although there have been an extensive collection of computational methods devel-
oped to analyse the metagenomes sequenced by the second-generation NGS technolo-
gies, the question of pairing the taxonomic and functional information gained from the
sequence data has been challenging to overcome (Beier et al., 2017). This has remained
a limitation primarily due to the short lengths of the raw sequencing reads obtained from
the second-generation sequencing technologies, such as Illumina, which ranges from
100-300 base pairs. Read-based methods, as mentioned above, can often only give in-

sights into either the taxonomic or the functional composition of metagenomes, lacking
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the connection between the two. Specifically, one can answer the question of what mi-
crobes are present in the sample, and what functions they are capable of; however it
remains questionable which microbes can carry out which functions. To some degree,
assembly-based methods can attempt to overcome this problem, by first assembling short
sequence reads into longer contigs, which are more informative at providing answers to
both the taxonomy and the gene content of the organisms present in the sample (Prakash
and Taylor, [2012). However, assembling short-reads and binning the resulting contigs
from metagenomes remains a challenging problem, as metagenome assemblies gener-

ated from short-read sequencing are often very fragmented (Sczyrba et al., 2017).

Establishing the connection between the taxonomic and functional classification of
microbiome samples is especially important in specific scenarios, such as in the surveil-
lance of pathogens (Afshinnekoo et al., 2017). In order to specifically characterize the
pathogenic microbes, it is often required to know the composition and the organization of
the genes in their genome (Boolchandani ez al.,2019). This includes the potential reper-
toire of all antimicrobial resistance (AMR) genes or traits they may carry, their virulence
factors, and their organisation within the genome (as in pathogenicity islands) (Bashir
et al.,2016). The isolation and (patho)genomic characterization of microbial isolates
in the case of infection is often time-consuming and challenging, requiring the sam-
ples to be analyzed instead by directly sequencing the environmental samples (Pendleton
et al., [2017). The challenges mentioned above, regarding the coupling taxonomic and
functional analysis for metagenome datasets generated by second-generation sequencing
technologies, made this approach practically not feasible. Furthermore, the high capital
costs, the requirement of specifically trained personnel, and the time it takes from prepar-
ing the libraries to the data analysis have also contributed to the impracticality of using
second-generation sequencing technologies in a medical setting to survey pathogens (Pe-
tersen et al.,(2019).



2 Computational analysis of metagenomes

2 Computational analysis of metagenomes

Alignment-based approaches

Metagenomic classification methods that utilize alignments of reads or assembled con-
tigs to a database of known sequences are generally considered more accurate, although
they often require more resources and time (Sczyrba et al., [2017). The alignment of
the reads can be against either databases consisting of nucleotide sequences, such as
genomes, or against databases that contain protein sequences (Breitwieser et al., 2019).
The alignment-based approaches are also more favourable when the functional classi-
fication of genes on the reads or contigs is desired. In the case of protein databases,
sequencing reads or assembled contigs are translated into all six reading frames, and
these are aligned against amino acid sequences (as in BLASTX) (Buchfink et al., 2015).
Protein sequences are evolutionary more conserved than nucleotides, thus making the
classification more sensitive when closely related references of the sequenced organisms
are missing in the database (Menzel et al., 2016). Bacterial genomes can also undergo
significant structural changes in a relatively short amount of evolutionary time, compli-
cating the alignment of longer sequences to them (such as aligning assembled contigs or

long-reads to a database of genomes) (Bernard et al., 2016).

After the alignment of reads against a database of known sequences with taxonomic
annotations, they can be assigned to a taxonomic unit in multiple ways. The possible
approaches can be fundamentally divided into two categories, namely read-binning and
taxonomic profiling (Breitwieser et al., 2019). While the read-binning methods attempt
to assign a taxonomic classification to each read individually, regardless of the taxonomic
rank (some may be classified more specifically than others); taxonomic profiling methods
aim to produce an overview of the relative abundances of all taxonomic units within the
sample, often not specifically assign each read to a certain taxonomic unit (Segata et al.,
2012).

Lowest common ancestor (LCA), introduced by MEGAN (Huson et al., 2007) to be

used in binning of metagenomic reads, is one of the most widely used approaches to
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assign a read (or contig) to a taxonomic unit after it was aligned to a database of known
sequences. It aims at overcoming the limitation of the naive best-hit approach by binning
reads (or assembled contigs) to potentially less specific taxonomic units, which agree on
all (or the majority) of the significant hits from the database. Each read is individually
placed on the taxonomic unit, which is the lowest common ancestor of all taxa with
significant hits to it. Many other read-binning methods developed later, also use the
naive or modified versions of the LCA algorithm, such as kraken (Wood and Salzberg,
2014), and kaiju (Menzel et al., 2016).

Other methods, such as MetaPhlAn (Segata et al., 2012), attempt to produce a taxo-
nomic profile of the sample by aligning reads against databases of clade-specific marker
genes. The taxonomic profiling methods differ from read-binning methods, as not ev-
ery read is employed in the analysis, but rather a subset that aligns to the clade-specific

marker genes (Sunagawa et al.,[2013).

Alignment-free approaches

Although alignment-based approaches provide more useful information in metagenomic
analysis, they come at an increased cost of computational resources and time (Breitwieser
et al., 2019). The faster, yet still at a comparable accuracy, alignment-free metagenomic

classification methods are a more popular choice when a rapid analysis is desired.

Kraken (Wood and Salzberg, 2014), being the first such tool, is built around the idea
of extracting subsequences at a fixed length from both reads and reference sequences,
called k-mers (of length k), and binning each read based on exact matches of k-mers
from the reads to the database. The database contains k-mers extracted from the refer-
ence sequences, and they are mapped to the LCA of all references they are seen in. The
classification is then based on a pruned subtree of taxa with matching k-mers to the read,
and the read gets assigned to the leaf node in the pruned subtree with the highest summed
weight from root to leaf (highest count of matching k-mers). The first implementation of
Kraken used only genomic references; however, it has later been adopted to use protein

references, as well, in Kraken2 (Wood et al., 2019). Kraken2 has also made improve-
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ments to the speed and accuracy of the classification by introducing minimers and spaced

seeds.

On the other hand, Kaiju (Menzel et al., 2016), aims to combine the strengths of
both alignment-based and alignment-free methods. It aims at identifying maximal-exact-
matches (MEM) between query sequences and a database of either protein or nucleotide
sequences. Identifying MEMs using an FM-index is often the first step in read alignment
(Liu and Schmidt, 2012). Kaiju, however, gains a major speed-up over alignment-based
methods as it stops at this step and does not further extend the MEMs to gapped align-

ments.

Assembly-based approaches

Sequence assembly is the computational process of merging short sequencing reads
based on the overlapping sequences among themselves in order to reconstruct longer,
contiguous fragments (contig) of the original molecule that had given rise to said reads
(Nagarajan and Pop, 2013). It can also be applied to metagenomic sequencing datasets
to reconstruct genomes of organisms that are present in the sample. Sequence assembly
itself is an algorithmically challenging problem due to the nature of genomes and the
methods available to us to sequence them (Ghurye et al.,|2016). Repeated regions in the
genomes, and the short length of sequencing reads that often cannot span them make it
difficult to assemble even single genomes into full chromosomes. Metagenomes, con-
sisting of a mixture of several genomes, suffer from this problem even further. On top
of the repeated regions within a genome, there can also be regions that are completely or
nearly identical in the genomes of different organisms. The unevenness of the coverage
along a genome (both due to similar regions from different organisms but also to the
uneven abundance of organisms in the actual sample) adds additional challenges to the

metagenome assembly (Breitwieser et al., 2019).

The product of a metagenome assembly, especially from short sequencing reads, is
often a collection of contigs at varying lengths and numbers depending on the complex-

ity of the environmental sample and the sequencing technology applied (Meyer et al.,
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2022). The following challenge in the taxonomic and functional analysis of the sample
is typically grouping the assembled contigs into different sets, each of which typically
represents a genome (metagenome assembled genome - MAG) (Breitwieser et al.,[2019).
Computational methods to bin assembled contigs into MAGs (genome binning), employ
compositional features of the contigs (such as tetra-nucleotide frequencies, or GC con-
tent), differences in the coverages of the contigs (Kang ef al., 2019)), and recently deep
learning methods (Nissen et al., 2021) or evaluating the raw assembly graphs that gave

rise to these contigs (Mallawaarachchi et al., |[2020).

The assembly and the consecutive contig binning of metagenomic sequencing datasets
are often desired, as it has the potential to convey more information than the raw se-
quence reads. The contigs can subsequently be decorated with functional features, such
as coding sequences on them being called de novo, and annotated for the functions they
carry (Thomas et al., 2012). The enzymes that are coded by the assembled genomes,
and the pathways that they take a role in can be studied in more detail. Phylogenetic
relationships of the organisms both within the sample, and also with the publicly avail-
able genomes can also be established in a more robust way from the assembled contigs
(Sunagawa et al., |[2013). Although the assembly and binning of metagenome derived
from short-read sequencing technologies still remain a challenge, the introduction of
long-read sequencing technologies has resolved some of the issues. Several studies have
recently reported chromosome-level MAGs derived from long-read metagenomes (Aru-
mugam et al., 2021; Singleton et al.,|[2021).

Functional analysis of metagenomes

Even though the taxonomic composition and the shifts in that are essential questions in
microbiome studies, the functional capabilities of the organisms are even more important
to understand what they are capable of doing and how they interact with the environment
they live in and with each other. This becomes even more pronounced considering the
fact that even two different strains of the same species can differ substantially in certain
functions, such as some Escherichia strains being pathogenic to humans, whereas others

having a commensal relationship with humans as their host (Bashir et al.,[2016). There-
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fore, it is not always possible to answer what a microbe is capable of doing when only a

taxonomic name can be assigned to it.

The simplest approach to studying the function of a microbiome is to predict it using
the taxonomic information, as introduced in PICRUSt (Douglas et al., 2018). PICRUSt
was developed mainly for 16S rRNA amplicon sequencing of microbiomes, although
they can also be used with shotgun metagenomics datasets. It predicts the functional po-
tential of a microbiome based on the taxonomic profile assigned to it using any method.
The prediction of the functional potential is then based on the known functional capabil-
ities of the assigned taxa. Therefore it works reliably only when the taxonomic assign-
ments are very specifically to the said strain from the database (Agrawal et al., 2019),
which is seldomly possible in microbiome studies, and even less so with amplicon se-

quencing as it was originally designed for.

Deeper analysis of function in metagenomes typically employs alignment and/or as-
signment of reads or assembled contigs against specialized databases, such as KEGG
(Kanehisa and Goto, |2000) for pathway mapping of proteins, CARD (Alcock et al.,
2020) for antibiotic resistance genotypes, and VFDB (Chen et al., [2005) for virulence
factors. Both MEGAN (Beier et al., 2017) and MG-RAST (Glass et al., 2010) work in
similar ways to assign function to metagenomic reads, by first aligning them to a com-
prehensive database and then assigning function to the reads that hit a protein with a

functional annotation from one of the databases they employ.

3 Long-read sequencing

The introduction of single-molecule sequencing technologies (third-generation sequenc-
ing, long-read sequencing) by Pacific Biosciences (PacBio), and Oxford Nanopore Tech-
nologies (ONT) in 2015, has opened up new prospects in the field of microbiome studies
since the second-generation sequencing technologies (Petersen ef al.,2019). The leading
characteristic single-molecule sequencing technologies have presented is their capability

to sequence fragments of DNA that are much longer than second-generation sequenc-
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ing methods (Nicholls et al., 2019). The length of the raw reads produced by them
ranges from kilobases to millions of bases in just a single read (on average 15 kilobases
with ONT today) (Nicholls et al., 2019). They owe this capability to sequencing single
molecules of DNA without undergoing an enzymatic synthesis, thus overcoming the en-
zymatic limitation of synthesis and being limited only to the length of the fragments in

the prepared library (Wang et al., 2021).

MinION™ developed by Oxford Nanopore Technologies, is one of the first sequenc-
ing devices to operate using single-molecule sequencing technology. It was announced
in 2012, has been commercially available since 2014, and is still under development re-
garding both its chemical and computational components (Wang et al.,|2021). On top of
being a single-molecule sequencing device, MinION offers additional features making it
a more practical tool for medical, and in-field sequencing applications. It is a palm-sized,
portable device weighing only 90 grams. It can be operated almost anywhere connected
to a computer as a USB device. This portability overcomes some of the limitations of the
second-generation sequencing technologies to be applied in a medical or in-field setting,
such as requiring extensive laboratory infrastructure and capital costs (Pendleton et al.,
2017). All devices, including MinION, developed by Oxford Nanopore Technologies,
have the added advantage that the sequencing data becomes available in “real-time”,
while the sequencing is going on. This enables researchers also analyze the data in
real-time, hence removing the requirement to wait for the sequencing run and additional
base-calling to finish to start the computational analysis of the data. It overcomes the
next limitation of the second-generation sequencing technologies by removing the time

needed between library preparation and data analysis (Parker et al., 2017).

Despite all the advantages that have become available with the development of third-
generation sequencers, at the time of their launch, they also posed many novel compu-
tational challenges as all of the existing algorithms and pipelines to analyze sequencing
data have been initially developed for the second-generation sequencers (Magi et al.,
2018).
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Objectives and Contributions

This dissertation aims at introducing novel methods that are more efficient in terms of ac-
curacy and computational needs in the analysis of metagenomics datasets. The methods
introduced range from new pipelines and algorithms to analyze long-read metagenomics
datasets, to utilization of alternative databases and phylogenetic outlines for the taxo-

nomic and functional analysis of both reads and metagenome-assembled-genomes.

It presents extensions to the Metagenome Analyzer (MEGAN) to be used in the con-
text of long-read metagenomic datasets. The algorithms and the analysis pipeline devel-
oped in MEGAN-LR (Huson et al., [2018)) allow long-read metagenomic datasets to be
accurately analyzed for their taxonomic and functional content. This approach is fur-
ther extended to taxonomic binning of contigs assembled from such datasets, resulting
in metagenome-assembled-genomes (Arumugam et al., 2019), as well as correcting sys-
tematic frameshift errors in contigs resulting from long-read metagenomic sequencing
datasets. It also introduces an alternative database, AnnoTree (Mendler et al., 2019), to
be used as the reference instead of NCBI-nr in DIAMOND+MEGAN based pipelines,
in order to both decrease the computational resources and time required for the anal-
ysis, while at the same time increasing the taxonomic and functional assignment rates
(Gautam et al.,[2022)).

It introduces MAIRA (Albrecht et al., [2020), a software consisting of novel al-
gorithms for the real-time and in-field (on a laptop) analysis of microbiomes using
Nanopore sequencing. MAIRA is a software with a graphical user interface, designed
for easy use by clinicians and biologists, that can perform taxonomic and functional
(antibiotic resistance and virulence factors) analysis of metagenomic datasets sequenced

with Nanopore devices. Its main target is diagnostic use in a clinical setting, where both
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Objectives and Contributions

accuracy and time are valuable, and access to large infrastructures is limited.

Finally, it demonstrates how phylogenetic outlines can be used in the phylogenetic
context of microbes to evaluate their evolutionary relationships (Bagci et al., 2021). In
this method, the evolutionary distances of query genomes against a database of reference
genomes are calculated using the Mash algorithm (Ondov et al., 2016). The phylogenetic
outline constructed from these distances are proposed as an alternative and faster method

to phylogenetic placement to evaluate the phylogenetic context of the query genomes.
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Conclusions

This chapter explains the main challenges tackled and the major contributions achieved
in the publications that are included in this dissertation. Section |I| introduces the Pa-
per 1 and the Paper 5 (Appendix I and Appendix V), on the extensions of MEGAN to
long-reads and using AnnoTree as a reference database. Section [2| introduces Paper 2
(Appendix II) on metagenomic assembly, binning, and the frameshift correction of con-
tigs assembled from Nanopore metagenomic datasets. Section [3|introduces MAIRA, a
software and group of algorithms to analyze Nanopore metagenomic datasets in real-
time and in-field. Section {4 introduces the use of phylogenetic outlines to determine the
phylogenetic context of microbial genomes using Mash distances. Finally, an outlook is

given.

1 Taxonomic Binning of Long-Reads

Since the introduction of next-generation sequencing technologies and their application
to microbiomes, a great amount of work has been done on the taxonomic and func-
tional classification of metagenomic reads and contigs. One of the first and simplest
approaches to assign taxonomy to each metagenomic read was using the Basic Local
Alignment Search Tool (BLAST) (Altschul et al.,|1997) to align all reads against all ex-
isting reference sequences in a database (such as BLASTx against NCBI-nr). Each read
would then be assigned to a taxonomic unit by analysing the significant hits that BLAST
has generated, as in using the lowest common ancestor (LCA) algorithm (Huson et al.,
2007).
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However, NGS technologies have, at the same time, caused an exponential growth of
reference databases, as sequencing has become cheaper and available to everybody. As
of August 2021, NCBI's GenBank database contains a total of 941 billion nucleotides
in sequences, compared to 56 billion at the end of 2005, when the first next-generation
sequencing platforms became available. The exponential growth of the databases has be-
come even more dramatic recently, with GenBank growing from 654 billion nucleotides
to 941 billion nucleotides in the span of a year, from August 2020 to August 2021; and
even almost doubling in size from 367 billion to 654 billion from August 2019 to August
2020

The growth of the reference databases, and the massive amount of data generated
for each sample in microbiome studies, required the researchers to adopt the computa-
tional methods to classify metagenomic reads and contigs. Some methods have shifted
away from computing computationally expensive alignments of reads against all known
reference sequences. Kraken (Wood and Salzberg, 2014), for example, assigns reads to
taxonomic units based on the exact matches of k-mers, with a simple hashing strategy,
decreasing the computational resources needed by far. It has also recently been reported
to suffer from the growth of databases (Nasko er al.| 2018). Kaiju (Menzel et al., 2016)
and Centrifuge (Kim et al., 2016), on the other hand, use more complicated data struc-
tures to allow either exact or inexact but gapless matches of any length to provide a more
sensitive assignment of reads than simply relying on fixed-length k-mers. Different to
read binning, MetaPhlAn (Segata et al., 2012) aims at generating the taxonomic profile
of the sample by computing alignments of the reads against a much smaller database of
clade-specific marker genes. As not all reads align to this small set of genes, instead of
binning each read to a taxonomic unit MetaPhlAn rather generates an estimation of the

relative abundances of organisms present in the sample.

Another pursuit of dealing with the growing size of reference databases and sequenc-
ing runs has been to significantly accelerate the alignment process without losing signif-
icant sensitivity of it. DIAMOND (Buchfink ez al., 2015) is one of the first such tools
to make a substantial improvement over BLAST, aligning reads 20,000 times faster than

it, with a similar degree of sensitivity. MEGAN was developed to analyze large metage-

Thttps://www.ncbi.nlm.nih.gov/genbank/statistics/ , accessed August 2021
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1 Taxonomic Binning of Long-Reads

nomic datasets using the LCA algorithm to classify reads based on their significant align-
ments to all reference sequences in a database. DIAMOND+MEGAN pipeline has thus
taken advantage of DIAMOND being 20,000 times faster than BLASTx, and still al-
lows taxonomic binning of reads based on full alignments of reads against comprehen-
sive databases, such as NCBI’s non-redundant protein database (NCBI-nr), at acceptable
speeds and computational resources needed. Since it uses complete databases instead
of a reduced set of genes and still relies on complete alignments instead of alignment-
free k-mer or pseudo-alignment approaches, it arguably achieves better sensitivity when
assigning reads, especially from complex environments, which are not well represented
in the reference databases. Additionally, using alignments of reads again a database
(preferably against a protein database) is the only way to obtain a functional profile of a
microbiome sample, as has been implemented in DIAMOND+MEGAN pipeline, as well
as in approaches such as HUMAnN? (Franzosa et al., 2018).

Although a substantial amount of research has been carried out, and many different
methods have been established successfully in order to bin short metagenomic reads into
taxonomic classes, as well as to functionally profile them; when long-reads had started
being used in metagenomics, most these methods were not suitable for the same tasks.
The two features of long-reads, namely them being longer and non-uniform in length, and
being more error-prone than short-reads, have caused problems for existing taxonomic

binners and functional profilers for metagenomic data (Huson et al., 2018).

Centrifuge (Kim et al., 2016) and Kaiju (Menzel et al., |[2016) were two of the first
tools developed to overcome the problem of taxonomic profiling and binning of long-
reads. Although both were initially developed for short-reads, both have also been shown
to be capable of working with long-reads, too. Both of them use a similar idea, with an
FM-index, that allows maximal exact matches. Kaiju can work with protein references,
as well, whereas Centrifuge employs only nucleotide sequences from genome databases.
The maximal exact matches overcome the problem of the high rate of errors in long-
reads, which would result in many missing matches if fixed-length k-mers were used
(Liu and Schmidt, [2012).

The protein-alignment and LCA-based approaches, such as in DIAMOND+MEGAN,

were affected to a greater degree than alignment-free approaches. The length of the long-
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reads breaks the assumption that one read usually aligns to one protein (even partially to
a protein), as short-reads are generally shorter than the average length of a protein. The
long-reads, however, can span multiple genes on a single read, considering their aver-
age length is measured in tens of kilobases. This results not only in the LCA algorithm
considering all alignments from different genes equally the same, but also the heuristics
aligners employ not to report most of the significant alignments. DIAMOND, for exam-
ple, was initially developed with short-reads in mind and thus also makes the assumption
that one read can span only one protein. Therefore it evaluates all alignments equally

and reports only the best-scoring few of them.

The high error-rate of the long-reads brings a more obvious yet more challenging
problem for the aligners. Most of the errors on raw long-reads are insertions and dele-
tions rather than substitutions (Mikheyev and Tin, 2014). These insertions and deletions
induce frameshifts when the reads are translated into amino acid space, as in translated
BLASTX alignments. The frameshifts, therefore, lead to premature termination in the
translated alignment of error-prone long-reads against protein databases, resulting in
many short alignments that are broken into pieces at every site of an insertion or deletion

€ITor.

We addressed both of these problems in MEGAN-LR in order to allow accurate tax-
onomic and functional binning of error-prone metagenomic long-reads using protein ref-
erences and compared them to the existing methods in a comprehensive simulation study.
The first pipeline that we suggested, LAST+MEGAN-LR (Huson e al., 2018), replaced
the alignment component of DIAMOND with the LAST aligner (Kielbasa ez al., 2011),
and introduced a novel LCA algorithm for binning long-reads that span multiple genes.

LAST is a versatile aligner that can carry out many tasks, from genome-to-genome
alignment to DNA-to-protein alignments. One important feature of it is the frameshift-
aware alignment (Sheetlin et al., |2014)) in DNA-to-protein mode, which allowed us to
overcome the problem of insertion and deletion errors breaking the translated alignments
for error-prone long-reads. It is also an all-against-all aligner, thus, does not employ a
heuristic to filter alignments before they are reported, making it suitable for long-reads
which span multiple genes. In the frameshift-aware mode, LAST translates DNA se-

quences into all six reading-frames, and can switch the frame of the alignment back and
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1 Taxonomic Binning of Long-Reads

forth when an insertion or deletion is observed in the read. At the time of the publica-
tion of MEGAN-LR, the frameshift-aware alignment was under development for DIA-
MOND. Later, we adopted the pipeline to use DIAMOND instead of LAST (Arumugam
et al., 2019; Bagci et al., [2021), when it adopted a similar frameshift-aware alignment
algorithm. The main advantage of using DIAMOND over LAST for the alignment step
is the output DAA format, which is much more compressed and more suitable for the
downstream analysis by MEGAN-LR.

The naive LCA algorithm that MEGAN had successfully been using for the tax-
onomic binning of short-reads was not suitable for long-reads, as it often resulted in
unspecific and rather spurious binning of the reads. The naive LCA algorithm assumes
that a read is spanned by a single gene, as is often the case with short Illumina reads.
Thus, it considers all alignments to a read equal on many levels, such as their length,
bitscore, and position on the read. It proceeds by taking those alignments whose bitscore
lie within a specified percentage of the best scoring alignment for the read, and assigns
the read to the lowest common ancestor of the taxonomic mappings of the proteins from
which alignments pass the filter. When applied to long-reads, or long-read contigs, such
as those of sizes millions of base pairs, this simple filter results in taking only the longest
protein(s) on the read/contig into account as those are often the ones that produce the

highest bitscores.

Therefore, we developed the interval-union LCA algorithm, which aims at consider-
ing all genes (regions) on a long-read from which significant alignments arise and assign
the read to the lowest common ancestor that agrees with the majority of the taxonomic
mappings of the proteins from said regions. Instead of taking all alignments from a read
into account at once, the interval-union LCA algorithm first divides a read into “inter-
vals”. The reads are scanned from beginning to the end, and each time a new alignment
starts or ends, a new interval is defined whose start point is the previous start/end event,
and the end point is the current start/end event. As in naive LCA algorithm, only those
alignments whose bitscores are within a percentage of the bitscore of the best scoring

alignment within an interval are considered for the further steps.

In the second step, in order to determine the taxonomic assignment of the long-

read, we compute the union of the intervals in which an alignment from a protein of
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a taxonomic unit or any of its descendants is present. Then, the taxonomic tree with
all taxa having interval-union scores is traversed in a post-order traversal until a taxon
whose interval-union score is above a specified threshold (80% in the original paper, later
adopted to 51%). In more detail, the traversal starts at the root of the tree and proceeds

as follows, with three conditions:

* if there exists more than one child with an interval-union score above or equal to
the threshold, terminate and report the current taxon as the LCA

* if there does not exist any child with an interval-union score above or equal to the
threshold, terminate and report the current taxon as the LCA

* if there exists one and only one child with an interval-union score above or equal
to the threshold, recurse the traversal from that child

As there exist two termination criteria, an LCA of a long-read can either mean that
there does not exist a convincing amount of references to assign the read to a lower-rank
taxon (first condition); or the read can be assigned to multiple taxa with the same con-
fidence and thus is placed on the lowest common ancestor of those (second condition).
With environmental samples, both of these cases are possible in different scenarios. It
is often difficult to confidently assign reads to lower-rank taxa in metagenomes from
poorly studied environments, while it is often the case that there are multiple strains or
species with similar scores for organisms from extensively studied environments with

vast amounts of references.

The interval-union LCA algorithm differs from the naive LCA algorithm also in the
way that it reports the abundance of organisms in the sample. The naive LCA algorithm
reports the number of reads assigned to each taxon. However, this is not suitable for
long reads/contigs as their lengths can be largely varying, whereas the short-reads are
often uniform in length. The interval-union LCA algorithm instead reports the sum of
the number of assigned bases on reads (i.e. the sum of the interval-scores mentioned

above) for each taxon.

The naive LCA algorithm can assign each read to a single functional class, as it

applies the same assumption in taxonomic binning that each read spans one gene. In the
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case of long-reads, however, the interval-union LCA algorithm assigns a function to each
interval, thus allowing a long-read to be assigned to multiple functional classes, each of

which may be carried out by one of the several genes it may span.

To show the accuracy of the method developed here, we designed a simulation study
where the whole LAST+MEGAN-LR pipeline is run against reads simulated from more
than a thousand different genomes, and its performance is compared to that of Kaiju
using the same set of simulated reads. Kaiju, at the time, was the only tool that performed
translated nucleotide searches against protein databases, and we did not compare the
performance of LAST+MEGAN-LR to methods that employ nucleotide databases.

In a real environmental sample, the organisms that are being sequenced are very
unlikely to be exactly the same as an organism that had been sequenced and deposited
in public databases before. Therefore, to simulate the real metagenomic question of
assigning taxonomy to novel organisms, we designed our simulation in such a way that
when we simulated reads from a genome and ran it against the pipeline, we took out
all the references from the database that came from the said genome. We also limited
our simulation to those organisms whose genus contains between 2 and 10 complete
reference genomes. The reason for this is that it would have been impossible to assign a
genus-level classification if the genus contained only one genome and it had been taken
out in our simulation, or it would become relatively too easy to assign the correct genus

with too many references as also indicated in our results.

For each of the 1151 genomes that we selected based on the above criteria, we simu-
lated 2,000 long-reads coming either from R7.3 or R9 chemistries of Oxford Nanopore
Technologies, with R7.3 being more error-prone. Then we constructed both LAST and
Kaiju databases with the references from the genome in question taken out. Finally,
we ran both LAST+MEGAN-LR pipeline and Kaiju with the simulated set of reads and

database for each of the 1151 genomes and compared their outputs at the read level.

We calculated the sensitivity and the precision of assignments from both tools at the
genus level, as the simulated genomes were chosen based on the number of existing
genomes within their respective genus. MEGAN-LR outperformed Kaiju both on sensi-

tivity, the rate of reads that are assigned to the correct genus or below; and also precision,
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the rate of reads assigned correctly, ignoring those unassigned or assigned to an ancestor
of the true genus. The results showed similar trends both for R7 and R9 chemistries,

although both tools performed better on the less error-prone R9 chemistry.

As expected, the assignment of reads coming from genera that are represented better
in the database generally resulted in better sensitivity and precision. Per sample compar-
ison of MEGAN-LR to Kaiju has also shown that MEGAN-LR outperformed Kaiju in
nearly every dataset, with a small number of exceptions. On the other hand, Kaiju was
many times faster than LAST+MEGAN-LR pipeline.

In addition, we also performed a parameter scanning study to evaluate the effect of
the threshold for the interval-union score (i.e. percentToCover), as well as the thresh-
old to select alignments based on their bitscore in relation to the top-scoring alignment.
We carried out the parameter scanning on a mock community for which the organisms
present and their relative abundances were known. Lower values of the topPercent pa-
rameter increase the specificity of the assignment, although at the cost of increasing
false-positives. While increasing values for the percentToCover parameter increases the
specificity of the assignments, as well as increasing the rate of false positives. The organ-
isms present in the mock community were all well-studied and well-represented in the
databases. Thus, we recommended a slightly more relaxed set of parameters than those

which performed the best.

LAST+MEGAN-LR pipeline has achieved both taxonomic and functional binning of
long-reads at significantly higher sensitivity and precision than what had been available
at the time. It has been developed further to allow working with metagenomic assemblies

of long-reads and correct for frameshift errors that appear in them, as described in Section

2l

AnnoTree as an Alternative Database

NCBI-nr (Benson et al.,[2005) has been the standard database of an analysis carried out

by MEGAN. It is currently the most comprehensive protein database, consisting of a
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non-redundant collection of all protein sequences available in the databases of NCBI.
However, the exponentially growing size of it has recently made computational analysis

using it computationally very expensive.

AnnoTree (Mendler ef al., [2019) is a webserver and a database of annotated protein
sequences from the Genome Taxonomy DataBase (GTDB) (Parks et al., 2018). It au-
tomatically re-annotates the proteins from the genomes present in GTDB using KEGG
(Kanehisa and Goto, 2000), PFAM (Finn et al., 2008)) and TIGRFAMs (Haft et al.,2003)

functional classifications.

Since GTDB provides a systematic taxonomy and also includes MAGs recovered
from environmental samples, AnnoTree prodives a more complete database of functional
annotations of proteins, and is smaller in size compared to NCBI-nr, as it contains only
bacterial and archaeal proteins. Thus, we designed a study to evaluate the performance
of AnnoTree as an alternative to NCBI-nr in both the taxonomic and functional analysis

of metagenomes (Gautam et al., 2022).

We used ten different publicly available samples, from different environmental sources,
such as human gut or soil. Using AnnoTree as the reference database instead of NCBI-nr
has generally resulted in more reads being assigned to a taxonomic class. This is most
likely due to GTDB including more environmental samples than NCBI-nr. The assign-
ments from AnnoTree and NCBI-nr also agreed with each other, showing that for the

taxonomic assignments AnnoTree was a suitable, if not better, replacement for NCBI-nr.

In case of functional analysis of microbiomes, using AnnoTree database assigned
approximately 70% more reads than NCBI-nr to the KEGG classification. PFAM and
TIGRFAMs classifications are not available in MEGAN, thus were not tested. Besides
assigning more reads to taxonomic and functional classes, replacing NCBI-nr with An-
noTree as the database resulted in a two-fold decrease in the computational time of DI-
AMOND+MEGAN pipeline.

Here we showed the potential of using AnnoTree for faster and better taxonomic and

functional analysis of metagenomic datasets using DIAMOND+MEGAN-LR pipeline.

One major disadvantage of this approach was the lack of reference sequences for eu-
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karyotic and viral organisms in the AnnoTree databases. This would potentially lead to
missing or false assignment of reads originating from them in samples containing higher

amounts of eukaryotic and viral material than the samples that were tested in our study.

2 Assembly and Downstream Analysis of Microbiomes

Although short and near perfect, [llumina sequencing has long been the gold standard
in metagenomics; long-read technologies have also been gaining popularity in recent
years. Much work has been done in assigning individual reads to a taxonomic unit (i.e.
read-binning) or in predicting their relative abundances within one sample (i.e. profil-
ing). However, in order to study the genomic capabilities of an organism as a whole,
its genome 1is still desired at satisfying completeness and contiguity. The assembly of
metagenomes into genomes at useful completeness and contiguity has been near im-
possible with short-reads, as the assemblies often get very fragmented. The long-reads,
however, can reach the sizes of the contigs from short-read assemblies, even in the form
of raw data. Therefore, they have become an attractive tool to study microbiomes as
metagenomic assembled genomes (MAG) (Frank et al.| 2016). We, here, developed a
pipeline to assemble MAGs from long-read sequencing data, assign taxonomy to them,
report a quality measure on them, and annotate them at an acceptable quality to enable
the study of their functional capabilities. The whole pipeline takes about 6 hours once

the sequencing finishes.

We applied Nanopore sequencing on an enriched microbiome from a bioreactor run
on sludge from a waste-water treatment plant to target phosphate-accumulating organ-
isms. The sequencing yielded near 700,000 reads, with an average length of 9 kb. The
first step in our pipeline was to assemble these reads into contigs using Unicycler (Wick
et al., 2017). Although Unicycler has been designed to assemble isolated microbial
genomes rather than metagenomes, its computational requirements over the accuracy
trade-off were better than the state-of-the-art Canu (Koren et al., 2017) at the time of
this work. Later, we adopted the pipeline to use metaFlye (Kolmogorov et al., 2020;

Bagci ef al., 2021), which has specifically been designed to assemble metagenomic long-
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read samples and still runs at an acceptable timeframe with acceptable computational
resources. From our assembly, we have obtained 1702 contigs, with an average length
of 61 kb. However, Unicycler was also able to assemble five circular, complete genomes
with sizes ranging from 2.7 to 4.2 Mb. There were another five linear contigs over the
length of 1Mb.

Fundamentally, the long-read metagenome assemblies can be binned into MAGs
without using sophisticated contig binning algorithms from environments of such diver-
sity, as some of the assembled contigs are already complete or near-complete genomes.
We, thus, performed the taxonomic binning of these contigs using MEGAN-LR with
DIAMOND (Buchfink ef al., 2015) as the frameshift-aware aligner. We then simply ex-
tracted all of the contigs that are assigned to each taxonomic unit by MEGAN-LR as a
“contig bin”, potentially representing a MAG.

The quality of MAGs produced from the assembly, and binning of microbiomes are
often deemed using CheckM (Parks et al., 2015) or similar approaches. CheckM uses
lineage-specific marker genes that are ubiquitous and appear in a single copy for near
all organisms of that lineage in order to determine the completeness and contamination
of a bin. The MAGs are also often annotated with their coding sequences to study their
functional capabilities using tools such as Prokka (Seemann, |[2014)). Both of these meth-
ods require the de novo identification of coding sequences as they rely on alignments and
profile searches on protein sequences. The contigs assembled from erroneous long-reads
contain a significant amount of errors, although after being corrected multiple times. The
majority of these errors are insertions and deletions of one or multiple bases instead of
substitutions of one base with another. The insertions and deletions that end up in the
final contigs cause frameshifts when translated into coding sequences and thus disrupt
the de novo prediction of coding sequences. This limitation makes tools such as CheckM

and Prokka unusable for contigs assembled solely from long-reads.

In order to address this issue, we implemented a simple yet effective method in
MEGAN-LR to correct the frameshift errors in contigs assembled from long-read se-
quencing methods. After performing the frame-shift aware alignment using DIAMOND,
we consider the top-scoring alignment on each interval of a long-read, as described in

Section[I] to correct for frameshifts using the protein references. Frameshifts causing the
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frame of the alignment to decrease are depicted with forward-slashes, and those causing
the frame to increase are depicted with reverse-slashes in frameshift alignments. A de-
creasing frame can be caused by either deletion of one (or 1 + 3N) or the addition of two
(or 2 + 3N) nucleotides in the contig, and an increasing frame can be caused by either
addition of one (or 1 + 3N) or the deletion of two (or 2 + 3N) nucleotides. To bring the
frame back to its starting point, we add one unspecific base (N) or two unspecific bases

(NN) when a forward or reverse slash is observed in the alignment, respectively.

After binning the contigs with MEGAN-LR, and correcting for frameshift errors in
the binned MAGs, we evaluated their quality according to the MIMAG standards using
CheckM and annotated the genomes using Prokka. We obtained seven high-quality draft
genomes according to MIMAG (Bowers et al., 2017) standards, that are more than 90%
complete and less than 5% contaminated. In addition, we obtained four medium and
three low-quality draft genomes. All of the seven high-quality draft genomes are derived
from single complete, five of them being closed circular, contigs, thus representing the
full chromosome of the assembled genome in its full contiguity. The counts and lengths
of coding sequences, tRNAs, and rRNAs predicted by Prokka also lay within the ranges

usually seen in bacteria.

One of the seven assembled chromosomes belonged to the genus Candidatus Accu-
mulibacter. This known phosphate-accumulating organism that is commonly found in
in waste-water treatment plants and was the target of the enrichment in this study. Two
other circular chromosomes belonged to the organisms Bacteroidetes bacterium OLBS8
and OLB12, also known to occur in anammox bioreactor communities. There existed
reference metagenome-assembled genomes in public repositories for all of these three
organisms. We performed a genome-wide alignment of our assembled chromosomes
against the reference assemblies. The assembled chromosomes aligned end-to-end to the

references, all of which were quite fragmented.

To further check if the assembled chromosomes contained any major misassembly or
chimerism, we also obtained a set of paired-end short-reads from the same community
and aligned them to our assembled contigs. From the mapping of short-reads to the con-
tigs, we calculated short-read mapping coverage along the long-read contigs and detected

the “break-points” where the coverage of short-reads dropped significantly. We identi-
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fied eleven of these in the seven long-read chromosomes. In addition, we performed an
assembly of the short-reads, which resulted in many fragmented contigs. We aligned
these short-read contigs to the long-read chromosomes, akin to the genome-wide align-
ment to the references as above. We again observed a linear alignment of the short-read

contigs to our long-read chromosomes.

We also performed an additional verification of repeats assembled in our long-read
chromosomes by aligning them against themselves. We calculated the percentage of
repeated locations on the chromosomes from the alignments and compared them to all
complete bacterial reference genomes from RefSeq (O’Leary et al.,[2016). We observed
that the rate of repeats in our long-read chromosomes is similar to those of reference
genomes for all bacteria, although two of them showed rather a high percentage of re-
peated locations (7 to 8% of all positions on the chromosome), which was the driving

reason for this verification step.

With the short-read data mentioned above, we performed a "hybrid” correction of the
long-read assemblies using pilon (Walker ef al., 2014)) and mappings of short-reads to our
long-read contigs. We then calculated the rate of frameshifts for the original, unpolished
assembly and for the short-read polished assembly. We found out that polishing long-
read assemblies with short-reads significantly reduces the rate of frameshifts from 6 per
kilobyte to 1.2 per kilobyte. However, running pilon required extensive computational
resources and time, and still did not correct for all of the insertions and deletions, thus

still requiring a frameshift-correction step.

Here, we showed that long-read-only assemblies of microbiomes have the potential to
recover complete, or near-complete, fully assembled chromosomes as MAGs. There are
limitations in the downstream analysis of long-read assembled contigs; however, these

can be overcome using our frameshift correction method.
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3 Accurate and Real-Time Analysis of Microbes

The MinION sequencing platform released by Oxford Nanopore Technologies in 2014
opened up the opportunity to sequence and analyze biological samples in the field. In
addition to its long-read sequencing capabilities, MinION is also a portable, palm-sized
device that operates with power from a USB connection. Such portability allows the
sequencing to be taken to the field and does not require any complex infrastructure.
Another major advantage introduced by ONT sequencing platforms is the capability of
streaming data. The raw electrical signals measured by the sequencing device, such as
the MinlON, becomes available in real-time. These raw signals can then be basecalled
almost in real-time, either on a laptop or by special hardware ONT offers (MinlT, or
recently MinlON Mk1C).

In order to take advantage of both portability and real-time sequencing MinION of-
fers, we have developed the software MAIRA (Albrecht et al.,2020), which can be used
to analyze microbial samples sequenced by the MinlON, in real-time, and on a laptop.
MAIRA is the first of its kind to be able to analyze samples from Nanopore sequenc-
ing devices in real-time, and on portably a laptop, without requiring a priori knowledge
of the sample. MAIRA takes input the basecalled reads as they are produced and ana-
lyzes both the taxonomic content of the sample, and also functional capabilities of the
microbes that are identified for their antibiotic resistance potential and virulence factors
that they may carry. It is designed with clinical microbial data in mind, but the functional
analysis capabilities can be extended to other fields as well. It provides a graphical user
interface (GUI) to set up the analysis and to monitor the results of the taxonomic and
functional content of the sample. Taking advantage of long-reads, it can also connect the
taxonomic and functional information gained, which misses in many short-read micro-
biome analyzing software. MAIRA is implemented in Java, and thus can be run on all

three major operating systems.

Similar to MEGAN-LR (Huson et al.,[2018)), MAIRA bases its taxonomic and func-
tional classification of microbes on protein alignments. As it can be envisioned, the
alignment of reads against a very large database would not be feasible on a laptop in

real-time. To overcome this, MAIRA operates in two steps. In the first step, it aligns all

30



3 Accurate and Real-Time Analysis of Microbes

reads against a genus-specific marker database, with the attempt to predict microbial gen-
era that are potentially present in the sample. In a second step, it aligns all reads that are
basecalled so far against all proteins of the genera that are identified in the first step, in or-
der to classify the species that are present. In this step, the functional classification is also
carried out, which is achieved by aligning the reads against specific functional databases,
namely CARD (Alcock et al., 2020) for antibiotic resistance and VFDB (Chen et al.,
2003)) for virulence factors. The alignments are carried out in frameshift-aware sense, as
the long-reads generated by ONT platforms are prone to insertion and deletion errors, as

discussed above.

The first step of genus-level analysis is a rapid step to provide an overview of the
taxonomic content. The “genus marker” database for this step is computed and made
available from proteins that are specific to a single genus, which does not appear in any
other genera with an identity over 80%. To increase the speed of the alignment, they are
also clustered within the genus, that is only one representative protein is kept for those

sharing over 90% identity.

The genus-level analysis provides a very fast overview of the genera that are poten-
tially present in the sample, yet it is not very specific. Although it can predict the genera
that are present correctly, it often makes false-positive calls as well. The next step of
the species and functional identification of the sample is a more in-depth analysis, aim-
ing at accurately classifying the species that are present in the sample. The decision of
which genera to be analyzed further is made either automatically for those having a pre-
dicted score above 0.8 by default or by the user who can activate or deactivate the genera
to be analyzed. All reads are then aligned against all proteins of the activated genera
in a frameshift-aware manner for each batch of the reads. MAIRA supports the use of
frameshift-aware aligners, LAST (Kielbasa et al., 2011)) and in-house developed ELLA.

The species-level analysis is activated at the end of each batch when all reads are
aligned against the genus databases of all active genera. In this step, MAIRA uses a
so-called ”’synteny-graph”, analogous to overlap graphs used in the assembly process of
(meta)genomes. The synteny-graph takes input as the all alignments of all reads against
the activated genus databases and outputs metrics for the relative abundance and the

confidence of the species that it predicts to be present.
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The synteny-graph is built around the idea that long-reads span multiple genes, and a
more precise call on the presence of an organism can be made if the conserved synteny
of these genes in all of the reads seen so far is taken into account. The graph consists
of nodes which represent gene families. These gene families are determined from the
alignments of reads to the proteins. They are then connected by an undirected edge
when they are seen to occur subsequently on a long-read, i.e. in immediate synteny to

each other.

MAIRA starts with an empty synteny-graph, which gets populated with the align-
ments of the reads at the end of each batch of the analysis. Each long-read is processed
individually in this process. The process starts with filtering the alignments. The align-
ments that do not cover a certain fraction of the reference protein (80%, by default) are
not taken into account. The reasoning here is to exclude those alignments which result
from highly conserved domains on the proteins while a reasonable amount of the pro-
tein remains unaligned. Next, alignments that still cover a good majority of the protein,
however, are very divergent from the reference are excluded. The percentage of positives
is used as a threshold here and is set to 60% by default. The percentage of positives is
a measure that is calculated from the ratio of the number of positive scoring matches
(coming from the substitution matrix used) to the length of the alignment. We use the
percentage of positives, instead of percentage of identity, since a positive match in pro-
tein alignments indicate that the substitution in that position may not lead to significant

functional changes in the protein, although the amino acids are not identical.

All of the alignments that pass the said filters from all genus databases are then gath-
ered together for a long-read. In order to determine the gene families that would represent
the nodes in the synteny graph, a ’binning” of the alignments based on their locations
on the reads is performed. The alignments are stacked together when they overlap at
the same locus on a long-read. An overlap is considered valid when at least 2/3 of the
smaller alignment overlaps with the longer alignment. It is also taken into account that
when a batch of long-reads is aligned against a genus database at a later point because it
becomes activated at a later stage of the analysis, all previous alignments from that read
are re-analyzed for binning. Each “alignment bin” represents a gene family and is mod-
elled as nodes in the synteny graph. For each read, individually, the alignments within

these bins are filtered further by their raw score, only taking those whose raw scores lie
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within the 90% of the score of the best scoring alignment. This is done to reduce the load
of the alignments to consider at the next step, as most of those low-scoring alignments
are likely from organisms closely related to the actual organism that the read comes from.
Further, it helps with the alignments that pass the initial filters due to database inconsis-
tencies, such as partial proteins or only conserved domains being present in the database,

which would still make it through the coverage filter.

The same procedure is applied to alignments from functional databases, and they are
added to the nodes in the graph. Each node is then populated with the taxonomic and
functional annotations of the proteins it contains. Both of these are retrieved from an
SQLite database, which contains the information on all organisms a protein has been
seen in so far instead of the lowest common ancestor of them. Although this results in
more computations being carried out, it allows MAIRA to be more specific about the call

it makes.

Finally, the nodes that appear next to each other on a long-read are connected by an
undirected edge, if it does not already exist, representing their synteny. The read is added
as an attribute to the edge. The direction of the edges in regard to the overall orientation
of the genes on the genome cannot be determined reliably, as it can be influenced by
two independent factors. The read may come from either strand of the DNA; thus, the
orientation of the direction would have to be reversed half of the time, which is computa-
tionally easy to detect. However, the orientation of family genes that are often in synteny
may also be completely or partially changed in different organisms, as well. This, in
turn, makes it impossible to detect whether the orientation of the synteny needs to be

reserved, as it can be either of the two cases.

Once all alignments from all genus-specific and functional databases have been added
to the graph, MAIRA proceeds to call the taxonomic and functional content of the sam-
ple. The synteny-graph helps in eliminating false-positive calls by filtering out those
species from which alignments are obtained due to genomic similarity. The graph is
initially induced for each species, and as a first step, the species whose induced graphs
are not well-connected are filtered out. This filter helps to filter out species that are
similar in genomic context (share similar genes), but their overall genomic structure is

different from the true species present in the sample; thus, their synteny-graphs are not
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well-connected.

After filtering out non-connected induced graphs, MAIRA proceeds to check the
containment of induced graphs among all. Although uncommon, it is possible that two
species share the same set of gene families and in synteny. These are often two very
similar species from the same genus, and big portions of their genomes are similar. In
this case, MAIRA eliminates the false-positive calls by checking the containment of one
genome within another. The idea here is to filter out the species which has produced
alignments due to their similarity to the true-positive call by checking the uniqueness of
protein nodes in the synteny graph. The species whose nodes are contained in another
by more than 85% are filtered out by default.

In order to determine the functional capabilities of the species present in a sample,
MAIRA adds all functional hits that it detects to the synteny graph. It can then proceed
in two modes to assign the functional hits to the called organisms. In a conservative
approach, it can assign functional hits to a species that are contained within the induced
synteny graph of that organism. In addition, in a more relaxed approach, it can assign the
hits that are contained in a node that is a certain number of edges away from any node of
that species. The latter considers that these genes may have been horizontally transferred

and have not been seen before in any reference to that organism.

In order to evaluate the performance of MAIRA, we carried out four difference stud-
ies. First, we obtained a mock community dataset sequenced by Nicholls et al.| (2019)
using a GridION sequencing platform. The mock community consisted of eight micro-
bial and two fungal organisms. Carrying out an analysis on a high-end laptop, by taking
10,000 reads at each batch, MAIRA required only five batches of reads (50,000) and
slightly above two hours to detect the presence of all eight bacterial species. It also de-
tected one false-positive species with a relatively high completeness-score of 0.75, how-
ever, this stayed below the default threshold of 0.80. The false-positive species Bacillus
amyloliquefaciens is highly similar to one of the true-positive species in the samples,

Bacillus subtilis.

In order to have a better understanding of the performance of MAIRA in more real-

istic settings, we also carried out simulation studies. First simulation study focused on
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functional identification of antibiotic resistance and virulence factor genes on the species
that MAIRA calls. We simulated Nanopore reads from ten different species, found in
the commercially available mock community designed for pathogen detection: ATCC
MSA-4000TM. We have detected the antibiotic resistance and virulence factor genes of
these organisms by aligning their genomes against CARD and VFDB databases using
DIAMOND in an independent manner. MAIRA have identified all ten species present in
the sample, as well as reporting three false-positive species. The false-positive species
reported were highly similar to four other species present in the sample, coming from
two different genera: Staphylococcus and Streptococcus. On identification of antibiotic
resistance and virulence factors, MAIRA achieved a high rate of true-positives, while

maintaining a very low rate of false-positives.

In a separate simulation study, we compared the performance of MAIRA against
Centrifuge (Kim et al.,|2016). Here, we randomly selected 100 genomes that were made
available after 2016. We built protein databases for MAIRA and genome indices for
Centrifuge consisting of genomes that were published before 2016, in order to simulate
the situation that the analyzed genomes do not exist in the public repositories. When the
simulated genome came from a novel species, that did not have any genomes available
in the databases before 2016, MAIRA reported a false-positive in 5% of the cases. In
contrast, Centrifuge reported a false-positive in all cases. As the number of assemblies
from different strains of the species analyzed increased in the database, Centrifuge even-
tually outperformed MAIRA. When there were more 15 assemblies for a species already
available in the database, Centrifuge reported the true-positive in all simulated cases (25
simulations). On the other hand, MAIRA, failed to identify any species four times and

reported a false-positive one time.

By employing the ideas of checking for completeness, uniqueness, and synteny of
genes, MAIRA achieves a high sensitivity of calling the true positive species. Its main
weakness lies in calling organisms that are not well represented in its default RefSeq
database, as seen in the second simulation study against Centrifuge. RefSeq contains
only high-quality genomes from isolated organisms, thus MAIRA fails to make reliable,
if any, calls from environments which do not contain many cultured microbes, such as
soil. It also maintains a strength in such cases, by trying to avoid reporting false-positive

species, unlike many other taxonomic identification tools, as seen in the second simula-
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tion study against Centrifuge.

4 Phylogenetic context

As described in Section the assembly of microbiomes results in MAGs, which are often
desired to be analyzed both taxonomically and functionally. The taxonomic analysis of
resulting MAGs is often done by calculating their ”phylogenetic context” of them. The
phylogenetic context is the indication of phylogenetic relationships with the given query
genomes and other organisms that are found to be similar to them from a database of

genomes based on their taxonomic similarities.

This can be done using fast, alignment-free methods such as Mash (Ondov et al.,
2016)), marker-gene-based phylogenetic placement methods such as GTDB-Tk (Chaumeil
et al., 2020), or using methods that align whole genomes against protein or nucleotide
references such as DIAMOND+MEGAN-LR (Huson et al.,2018), as introduced above.
All of these methods require extensive scripting and many further steps to obtain a final

visual representation of the phylogenetic context of the query genomes.

Here, we introduced a fast and interactive method, implemented in SplitsTreeS, to
explore the phylogenetic context of a given query genome or a set of genomes (Bagci
et al.,2021). We use our implementation of Mash to query the given genomes against
the reference set of GTDB genomes to figure out their similarities to known organisms
quickly and visualize their phylogenetic context from the distances calculated from our

Mash implementation in a phylogenetic outline.

The relationship of organisms is often visualized using phylogenetic or taxonomic
trees. The taxonomic trees are fixed, may contain human errors, and provide very lit-
tle indication of uncertainties. On the other hand, phylogenetic trees cluster organisms
definitely, not allowing alternative groupings. Microbes, however, often do not evolve
as a definite tree due to events such as horizontal gene transfer. Phylogenetic networks,

rather than phylogenetic trees, can show these uncertain relationships among organisms.
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Phylogenetic outlines display all of the splits calculated in a phylogenetic network. They
are, however, much less cluttered and use much fewer nodes and edges, as they display
only the outline of the network. Their main advantage in this work is that they are much
faster to compute than phylogenetic networks, as they require only O(n)2 time, compared

to O(n)4 of phylogenetic networks. (n being the number of taxa).

We used the Genome Taxonomy Database (GTDB) (Parks et al., 2018) as the source
of our reference genomes as it provides a genome-wise similarity-based taxonomy for
bacteria and archaea and contains nearly 32,000 species, all of which are represented
by a so-called “representative genome”. We downloaded these representative genomes
and computed a Mash sketch for each one of them using our implementation of the
Mash algorithm in SplitsTree5. We assigned these Mash sketches to the leaves of the
GTDB taxonomy and computed a Bloom filter (Bloom, | 1970) for the higher-level nodes,
representing the set of all k-mers in all of the sketches of leaves below that node. The
taxonomy, Mash sketches and Bloom filters were stored in an SQLite database for fast

access.

The Bloom filter allowed us to filter out the taxa that were out of interest early in the
search. The search begins at the root of the tree and traverses the tree in a top-down way
as long as the bloom filter of the queries node contains a number of k-mers that are above
the threshold given by the user. Then, finally, when a leaf node (Mash sketch for the
representative genome of a species) is reached, we calculate the Mash distance between
the query genome and this genome. The results are shown to the user in a histogram,
and the user decides how many genomes to include in the phylogenetic context based
on a distance threshold. Then a more specific Mash distance, using a smaller k-mer size
is calculated between the chosen genomes and the query genomes, and a phylogenetic

outline of them is visualized.

We applied the newly developed method to our long-read metagenome-assembled
genomes (MAG) from Section [2| and compared the calculated phylogenetic contexts to
the phylogenetic placement calculated by GTDB-Tk and the taxonomic labels reported
by MEGAN-LR in the original study. In all cases, the phylogenetic context was compat-
ible with the taxonomic assignments we calculated using MEGAN-LR in Section 2| For
all of the MAGs from our previous study, the closest organism reported by SplitsTree
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was the one it was assigned to by MEGAN-LR. In one case, the closest organism was a
rather new genome that was not available at the time of the study presented in Section

The second closest genome was still the one reported by MEGAN-LR.

In the phylogenetic context of Candidatus Accumulibacter MAG, a species of Xan-
thomonadales reported by SplitsTree. It was unexpected as this organism comes from a
different taxonomic class and is not related to Candidatus Accumulibacter. Upon further
inspection, we found out the reference genome for this Xanthomonadales species also
comes from a granular sludge microbiome, from which two other species of Candidatus
Accumulibacter were assembled as well. Thus, we suspect this draft reference genome to
be contaminated with Candidatus Accumulibacter contigs. This shows that our method

can also assist in detecting such anomalies.

The GTDB-Tk placement of Candidatus Accumulibacter genome agreed very well
with the phylogenetic context calculated by SplitsTree5. All reference genomes reported
by SplitsTree5 were in the immediate neighbourhood of this draft genome in the GTDB-

Tk placement, as well, and they had similar distances.

The phylogenetic context for the draft genome from the genus Thauera also showed
a similar pattern as above. It contained all references from the genus Thauera in GTDB
taxonomy and had a similar topology and distances to the GTDB-Tk placement. Both
the phylogenetic context and GTDB-Tk place this draft genome closer to the species
Thauera aminoaromatica S2, with a Mash distance of 0.2, suggesting a more refined
classification than that was reported by MEGAN-LR.

However, in the case of low-quality draft genome Betaproteobacteria, we observe
a different behaviour in the phylogenetic context. Our method places this draft gen-
ome near organisms from Candidatus Accumulibacter genus, although at large distances.
GTDB-Tk, on the other hand, places it nearer to the genus Azonexus, but outside of it
too. Candidatus Accumulibacter 1s a sister genus of Azonexus in GTDB taxonomy. This
confirms the known fact that ANI values, as approximated by Mash distances, are not
suitable for comparison of genomes that do not belong to the genus and can only provide

a poor estimation of the evolutionary distance between them.
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Similar trends were also observed for the rest of the eleven MAGs reported in the
original study, where SplitsTree5 calculated a phylogenetic outline similar to GTDB-
Tk when the query genome lied within the genus boundaries and disagreed more with
it when the query genomes were outside genus boundaries or did not find any similar

genomes at all.

Here we developed a new method using references and taxonomy from GTDB, Mash
sketches and their Bloom filters, and phylogenetic outlines in order to calculate phylo-
genetic context of a given draft genome. We used the MAGs assembled in our previous
study, presented in Section [2| to assess the performance of the method in comparison
to the original taxonomic labels reported by MEGAN-LR and phylogenetic placement
calculated by GTDB-Tk. We showed that our method can be a useful tool to calculate
fast outlines of newly assembled genomes and provides a visual representation of their

evolutionary relationship to the reference genomes within an acceptable distance.

5 Outlook

This dissertation explored novel methods for the analysis of whole-genome shotgun
metagenomic sequencing datasets, especially in the context of long-reads and their tax-
onomic and functional assignments. The emerging long-read sequencing technologies
have developed rapidly over the last years, and have been utilized in many aspects of
biological research, including microbial genetics. They allowed more detailed analysis
of taxonomic and functional contents of microbiomes. It has become possible to assem-
ble near-complete, closed chromosomes from raw sequences of complex microbiome
samples, which was beyond imagination using short-read sequencing. The on-the-fly
basecalling and portability of Nanopore sequencing has presented opportunities to take
the analysis to the field and carry it out in real-time, directly starting after the sample has
been loaded to the flowcell.

All considered, together with the growth of efficient algorithms and higher quality

databases, microbiome research advances at a fast pace. All methods presented in this
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dissertation have, and will continue to have, many aspects in which they can be improved
with the changing state of both sequencing technologies and computational resources
available to us. Simply, the Q20+ chemistry of Nanopore, which became available to
the public in the last quarter of 2022, has greatly improved the quality of the raw se-
quencing reads, potentially meaning that the methods introduced here may also benefit
from adjustments to the new technology. GTDB, as discussed in several sections of
this dissertation, is rapidly becoming the de-facto accepted bacterial taxonomy by the
commmunity, considering that now IJSEM also proposes names for the Candidatus taxa
presented in there (Pallen ez al., 2022)). Being a purely methodological, standardized tax-
onomy, it offers many conveniences and improvements that can be taken advantage of by
any method developed to analyze microbial genomics data. All these rapid developments
in the chemical, biological, clinical, and computational aspects of microbiome research
indicates that we are far away from its maturation and a future with vast amounts of bi-
ological data and findings, requiring a constant need for development of computational

methods, awaits.
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Appendix 1

This article is distributed under the terms of the Creative Commons Attribution 4.0 Inter-
national License (http://creativecommons.org/licenses/by/4.0/), which per-
mits unrestricted use, distribution, and reproduction in any medium, provided you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. The Creative Commons Public
Domain Dedication waiver(http://creativecommons.org/publicdomain/zero/1.

0/) applies to the data made available in this article, unless otherwise stated.
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Abstract

Background: There are numerous computational tools for taxonomic or functional analysis of microbiome samples,
optimized to run on hundreds of millions of short, high quality sequencing reads. Programs such as MEGAN allow the
user to interactively navigate these large datasets. Long read sequencing technologies continue to improve and
produce increasing numbers of longer reads (of varying lengths in the range of 10k-1M bps, say), but of low quality.
There is an increasing interest in using long reads in microbiome sequencing, and there is a need to adapt short read
tools to long read datasets.

Methods: We describe a new LCA-based algorithm for taxonomic binning, and an interval-tree based algorithm for
functional binning, that are explicitly designed for long reads and assembled contigs. We provide a new interactive
tool for investigating the alignment of long reads against reference sequences. For taxonomic and functional binning,
we propose to use LAST to compare long reads against the NCBI-nr protein reference database so as to obtain
frame-shift aware alignments, and then to process the results using our new methods.

Results: All presented methods are implemented in the open source edition of MEGAN, and we refer to this new
extension as MEGAN-LR (MEGAN long read). We evaluate the LAST+MEGAN-LR approach in a simulation study, and
on a number of mock community datasets consisting of Nanopore reads, PacBio reads and assembled PacBio reads.
We also illustrate the practical application on a Nanopore dataset that we sequenced from an anammox bio-rector
community.
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Background

There are numerous computational tools for taxonomic
or functional binning or profiling of microbiome samples,
optimized to run on hundreds of millions of short, high
quality sequencing reads [1-4]. Alignment-based taxo-
nomic binning of reads is often performed using the naive
LCA algorithm [5], because it is fast and its results are easy
to interpret. Functional binning of reads usually involves a
best-hit strategy to assign reads to functional classes.

Software or websites for analyzing microbiome shotgun
sequencing samples usually provide some level of interac-
tivity, such as MG-RAST [2]. The interactive microbiome
analysis tool MEGAN, which was first used in 2006 [6], is
explicitly designed to enable users to interactively explore
large numbers of microbiome samples containing hun-
dreds of millions of short reads [1].

Illumina HiSeq and MiSeq sequencers allow researchers
to generate sequencing data on a huge scale, so as to ana-
lyze many samples at a great sequencing depth [7-9]. A
wide range of questions, in particular involving the pres-
ence or absence of particular organisms or genes in a
sample, can be answered using such data. However, there
are interesting problems that are not easily resolved using
short reads. For example, it is often very difficult to deter-
mine whether two genes that are detected in the same
microbiome sample also belong to the same genome, even
if they are located close to each other in the genome,
despite the use of metagenomic assembly in combination
with contig binning techniques and paired-end reads [10].

Current long read sequencing technologies, such as pro-
vided by Oxford Nanopore Technologies (ONT) or Pacific
Biosciences (PacBio), produce smaller numbers (in the
range of hundreds of thousands) of longer reads (of vary-
ing lengths in the range of 10kb — 300 kb, say) of lower
quality (error rates around 10%) [11, 12]. There is increas-
ing interest in using long reads in microbiome sequencing
and there is a need to adapt short read tools to long read
datasets. There are a number of tools that are applica-
ble to long reads, such as WIMP [13], Centrifuge [14] or
Kaiju [15]. While the two former are based on comparing
against DNA references, the latter can also use a protein
reference database.

In this paper, we focus on protein-alignment-based
approaches. One reason for this is that existing DNA
reference databases cover only a small fraction of the
genome sequences believed to be present in the envi-
ronment [16], although much work has been done on
sequencing human-associated microbes [17]. This prob-
lem can be ameliorated, to a degree, by using protein
alignments, because amino acid sequences are more con-
served than DNA sequences. Moreover, work on bac-
terial pangenomes suggest that the association between
species level taxonomic assignment and coding gene con-
tent can be weak [18]. Finally, questions going beyond
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taxonomic profiling and correlation studies will usually
require knowledge of the functional content.

Here we present a new classification pipeline for
taxonomic and functional analysis of long reads and
contigs, based on protein alignments. The pipeline,
LAST+MEGAN-LR, consists of first running the align-
ment tool LAST and then processing the resulting DNA-
to-protein alignments using new algorithms provided in
MEGAN-LR. We perform a simulation study to evalu-
ate the performance of the method in the context of the
taxonomic assignment and compare it with Kaiju, one
of the few other tools that use protein references. We
also investigate the performance of the pipeline using
mock-community datasets and illustrate its application
on Nanopore reads sequenced from an anammox enrich-
ment bio-rector.

Methods

Long read taxonomic binning

The naive LCA (lowest common ancestor) algorithm is
widely used for binning short reads onto the nodes of
a given taxonomy (such as the NCBI taxonomy), based
on alignments [5]. Consider a read r that has significant
alignments ay,...,a; to reference sequences associated
with taxa £, ..., . The naive LCA assigns r to the low-
est taxonomic node that lies above the set of all nodes
representing t1,. .., t. The set of significant alignments
is defined to consist of those alignments whose score lies
close to the best score achieved for the given read, defined,
say, as those that have a bit score that lies within 10% of
the best bit score.

The naive LCA algorithm is fast, easy to implement and
the results are easy to interpret. When applied to pro-
tein alignments, an implicit assumption of the algorithm
is that any read aligns to only one gene and so all associ-
ated taxa are “competing” for the same gene; this justifies
the above definition of significant alignments. While reads
that are only a few hundred base pairs long usually ful-
fill this assumption, longer reads or assembled contigs
often overlap with more than one gene and so the naive
algorithm is not suitable for them.

To make the naive algorithm applicable to protein align-
ments on a long read or contig r, a simple idea is to
first determine “conserved genes” as regions along the
read where alignments accumulate. The second step is
to apply the naive LCA to each of these regions indi-
vidually. The placement of the read is finally determined
using the LCA of all these gene-based LCAs. There are
two problems here. First, because protein alignments
around the same location can have quite different lengths,
delineating different “conserved genes” can be difficult
in practice. Second, because a large proportion of genes
on a long read or contig may be conserved to different
extents across different taxonomic groups, the placement
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of the read will often be to a high-level (or “unspecific”)
taxon.

To address these issues, we present a new taxonomic
binning for long reads that we call the interval-union LCA
algorithm. This algorithm processes each read r in turn, in
two steps. First, the read is partitioned into a set of inter-
vals vy, ..., vy, that have the property that every alignment
associated with r starts and ends at the beginning or end
of some interval, respectively. In other words, a new inter-
val starts wherever some alignment begins or ends. We say
that an alignment a; is significant on an interval v;, if its
bit score lies within 10% (by default) of the best bit score
seen for any alignment that covers v;. In MEGAN-LR this
threshold is referred to as the topPercent parameter.

In the second step, for each taxon ¢ that is associated
with any of the alignments, let /(¢) denote the union of
all intervals for which there exists some significant align-
ment a; associated with taxon ¢. In a post-order traversal,
for each higher-rank taxonomic node s we compute I(s)
as the union of the intervals covered by the children of s.
In result, every node of the taxonomy is labeled by a set of
intervals. Note that, during the computation of the union
of interval sets, we merge any overlapping intervals into a
single interval.

The read r is then placed on the taxon s that has
the property that its set of intervals I(s) covers 80%
(by default) of the total aligned or covered portion of
the read, while none of its children does (see Fig. 1).
In MEGAN-LR this threshold is referred to as the
percentToCover parameter. Note that it is possible
that there are multiple nodes that have this property, in

Page3of 17

which case the read is assigned to the LCA of all such
nodes.

Long read functional binning and annotation

Functional binning of short reads is usually performed by
assigning each read to a class in a functional classification
system such as InterPro [19], eggNOG [20] or KEGG [21],
based on its alignments.

This is often done using a simple best-hit strategy, as fol-
lows. For a short read r, let @ denote the highest-scoring
alignment of r to a reference protein for which the func-
tional class ¢ is known. Assign r to the functional class c.
For example, ¢ might be an InterPro family or an eggNOG
cluster. In short read analysis, each read is assigned to
at most one class in any given functional classification.
Many reads remain unclassified because all the reference
proteins that they align to are unclassified.

A long read may contain multiple genes, and for each
gene, there may be many alignments involving differ-
ent taxa. To avoid redundancy in functional assignments
when processing alignments between the long read and
different taxa, we consider the “dominance” of individual
alignments (as defined below).

Letrbealongreadandletay, ..., ax be aset of DNA-to-
protein alignments from r to a suitable protein reference
sequences. Note that this set will often include alignments
between the read and the same homologue in different
taxa.

To reduce the number of redundant functional classes
associated with r, we introduce the following concept. We
say that an alignment a; dominates an alignment a;, if (1)

interval unions

read assigned to this node %

1000 D D

100D DD D D ¢R

0

20% >

taxonomy

read r
—o4 [DDDD s
——e 30 [ > 60%
—eCD> L [ 0%
—y )} I I I 60%
—e L[> 20%
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—e G 20%
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Fig. 1 To illustrate the interval-union LCA algorithm, here we show eight hypothetical species A, B, .. ., H separated into two genera, P and Q,
belonging to the same family R. Alignments from the read r to proteins associated with the species are indicated by arrows on the right and cover
between 80% (for A) and 20% (for H) of the aligned read. Using arrows, on the left we depict the sets of intervals computed for nodes P, Q, R as the
union of the sets of intervals of the children of each node. Nodes R and P each cover 100% of the aligned read. The read r is placed on A as it is the
lowest taxonomic node with >80% coverage. Note that, if A only covered 60% of the aligned read, then the read would be assigned to the higher
taxon P (and this would remain the case even if one of the taxa below Q had 60% coverage)

alignment segments
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a; covers more than 50% of the read that is covered by
aj, (2) if the bit score of ; is greater than that of a;, and
(3) both alignments lie on the same strand of r. Option-
ally, one might also require that the taxonomic identity
of each protein reference sequence under consideration is
compatible with the taxonomic bin assigned to the read r.

The set of functional classes associated with a long
read r is then given by the functional classes associated
with those alignments of r that are not dominated by
some other alignment of r. Each read can be binned to
all functional classes associated with it. Moreover, the
set of associated classes can be used to provide simple,
functional annotation of the read or contig.

To exploit that latter, we provide a dialog for exporting
taxonomic and functional annotations in GFF3 format.
It can be applied to any selection of taxonomic or func-
tional classification nodes, or to a set of selected reads in
the new long read inspector, which is described in more
detail below. The user chooses a classification, and then
each alignment to a reference sequence associated with
that classification is exported as a CDS item. By default,
only those alignments that are not dominated by another
alignment are exported. In addition, the user can decide
to export only those items for which the taxon associated
with the corresponding reference sequence is compatible
with the taxon assigned to the read.

Reporting counts

In taxonomic or functional binning of short reads, it usu-
ally suffices to report the number of reads assigned to
a specific classification node, because all reads are of a
very similar length and all alignments have much the same
length as the reads. For long reads or contigs, the lengths
and alignment coverage can vary widely. Moreover, the
number of reads contained in a contig, or contig coverage,
is an additional factor to be considered. To address this,
in MEGAN-LR each node can be labeled by one of the
following:

1. the number of reads assigned,

2. the total length of all reads assigned,

3. the total number of aligned bases of all reads
assigned, or

4. in the case of contigs, the total number of reads
contained in all assigned contigs.

For long reads, by default, MEGAN-LR reports (3), the
number of aligned bases, rather than (2), as this down-
weights any long stretches of unaligned sequence. In addi-
tion, we use this value to determine the minimum support
required for a taxon to be reported. By default, a taxon
is only reported if it obtains at least 0.05% of all aligned
bases. In MEGAN-LR, this is called the minSupport
parameter. If the number of aligned bases assigned to a
taxon ¢t does not meet this threshold, then the assigned
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bases are pushed up the taxonomy until a taxon is reached
that has enough aligned bases to be reported.

Long read alignment

In this paper, we focus on taxonomic and functional
binning of long reads using DNA-to-protein alignments.
Currently long read sequencing technologies (Oxford
Nanopore and PacBio) exhibit high rates of erroneous
insertions and deletions [11, 12]. Consequently, programs
such as BLASTX [22] are not suitable for such reads as
they cannot handle frame-shifts.

The LAST program [23, 24] uses a frame-shift aware
algorithm to align DNA to proteins and produces long
protein alignments on long reads, even in the pres-
ence of many frame-shifts. Initial indexing of the NCBI-
nr database (containing over 100 million sequences)
by LAST takes over one day on a server. However,
once completed, alignment of reads against the NCBI-
nr database using the index is fast; the alignment of
Nanopore reads takes roughly one hour per gigabase on a
server.

The DIAMOND program [25] is widely used in micro-
biome analysis to compute alignments of short metage-
nomic reads against a protein reference database such as
NCBI-nr. A new frame-shift aware alignment mode is
currently under development and DIAMOND will pro-
vide an alternative to LAST in the future.

Long read analysis

LAST produces output in a simple text—based mul-
tiple alignment format (MAF). For performance rea-
sons, LAST processes all queries and all reference
sequences in batches and alignments associated with a
given query are not reported consecutively, but rather in
batches.

In addition, the size of a MAF file is often very large
and subsequent sorting and parsing of alignments can be
time consuming. To address these issues, we have imple-
mented a new program called “MAF2DAA” that takes
MAF format as input, either as a file or piped directly
from LAST, and produces a DAA (“Diamond alignment
archive”) file as output [25]. The program processes the
input in chunks, first filtering and compressing each
chunk of data on-the-fly, and then interleaving and fil-
tering the results into a single DAA file that contains all
reads with their associated alignments. During filtering,
MAF2DAA removes all alignments that are strongly dom-
inated by some other alignment, to reduce a large number
of redundant alignments.

In more detail, for a given read r, we say that an align-
ment a of r strongly dominates an alignment b for r, if it
covers most of b (by default, we require 90% coverage) and
if its bit score is significantly larger (by default, we require
that 0.9 x bitscore(a) > bitscore(b)).
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A DAA file obtained in this way can then be processed
by MEGAN’s Meganizer program that performs taxo-
nomic and functional binning, and indexing, of all reads
in the DAA file. This program does not produce a new file
but appends the results to the end of the DAA file, and
any such “meganized” DAA file can be directly opened
in MEGAN for interactive analysis. We have modified
MEGAN so that it supports frame-shift containing align-
ments. The final DAA file is usually around ten times
smaller than the MAF file produced by LAST.

Long read visualization

Interactive analysis tools for short read microbiome
sequencing data usually focus on representing the tax-
onomic and functional classifications systems used for
binning or profiling the reads, for example reporting
the number of reads assigned to each class. In addi-
tion, some tools provide a reference-centric visualization
that displays how the reads align against a given refer-
ence sequence. However, visualizations of the short reads
themselves are usually not provided.

For long read or contigs, there is a need for visual-
ization techniques that make it easy to explore the tax-
onomic and functional identity of reference sequences
to which the reads align. To address this, we have
designed and implemented a long read inspector (using
JavaFX) that allows one to investigate all long reads
assigned to a given taxonomic or functional class
(see Fig. 2).
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In this tool, each long read or contig r is represented by
a horizontal line and all corresponding aligned reference
sequences are shown as arrows above (forward strand
alignments) or below (reverse strand alignments) the line.
The user can select which annotations to display in the
view. For example, if the user requests Taxonomy and
InterPro annotations, then all reference sequences will be
labeled by the associated taxonomic and InterPro classes.
The user can search for functional attributes in all loaded
reads.

Let a be an arrow representing an alignment of r to
a reference sequence associated with taxon s. We use a
hierarchical coloring scheme to color such arrows. Ini-
tially, we implicitly assign a color index to each taxon, e.g.,
using the hash code of the taxon name. For each arrow a
with associated reference taxon s we distinguish between
three different cases. First, if s = ¢, then we use the color
assigned to ¢ to color a. Second, if s is a descendant of ¢,
then ¢ has a unique child # that lies on the path from ¢
down to s and we use the color of u to color a. Otherwise,
we color a gray to indicate that the taxon associated with
a is either less specific or incompatible with .

For example, if a read r is assigned to the genus Can-
didatus Brocadia and has an alignment to the strain
Candidatus Brocadia sinica JPN1, then we color the cor-
responding arrow a using the color that represents the
species Candidatus Brocadia sinica.

This is a useful strategy when used in combination with
the taxonomic binning procedure described above: a read

eoe LRinsp
aaa M@ WRYEHAME &

(Genus Candidatus Srocadias Reads: 3 mean: 14417 std: 2890

18, bult 21,401 2017)

Table + 12 v | Layout +

= =

“— e

close.

Fig. 2 This screen shot of the MEGAN-LR long read inspector shows three contigs assigned to the genus Candidatus Brocadia, with alignments to
more specific taxa. Alignments to reference protein sequences are shown as arrows, colored by species of the references; blue for Candidatus
Brocadia sinica, brown for Candidatus Brocadia sp. 40 and pink for Candidatus Brocadia fulgida. Alignments are labeled by taxonomic and functional

classes associated with the corresponding reference proteins
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r is binned to the lowest taxon ¢ that covers 80% (by
default) of the aligned read and the taxonomy-based col-
oring makes it easy to see how the different taxonomic
classes below ¢ contribute. For example, if all arrows on
one half of the read have one color and all arrows on the
other half have some other color, then this may indicate a
chimeric read or misassembled contig.

As discussed above, an alternative approach is to export
reads and their alignments in GFF3 format and then to use
a genome browser such as IGB [26] to explore them (see
Fig. 3).

LAST+MEGAN-LR
In summary, we propose to use the following pipeline to
analyze metagenomic long reads and contigs (see Fig. 4):

e Align all reads against a protein reference database
(such as NCBI-nr) using LAST, producing MAF
output.

e Either pipe the output of LAST directly to
MAF2DAA, or apply MAF2DAA to the MAF file
generated by LAST, to obtain a much smaller output
file in DAA format.

® Meganize the DAA file either using the Meganizer
command-line tool or interactively in MEGAN.

e Open the meganized DAA file in MEGAN for
interactive exploration using the long-read inspector.
Export annotated reads in GFF3 format for further
investigation, e.g. using a genome browser such as
IGB [26] or Artemis [27].

Nanopore sequencing

To obtain a Nanopore dataset, we sequenced the genomic
DNA of the Microbial Mock Community B (even, high
concentration, catalog nr. HM-276D, BEI Resources).
Library preparation was performed using a Low Input
by PCR Genomic Sequencing Kit SQK-MAP006 (Oxford
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Nanopore Technologies, Oxford, UK) for 2D sequenc-
ing. Briefly, 100 ng of genomic DNA was sheared in a
Covaris g-TUBE (Covaris, Inc., Woburn, MA, USA) at
6000 rpm, treated with PreCR (New England Biolabs,
Ipswich, MA, USA) and used as input for adapter lig-
ation according to the ONT protocol. Adapter-ligated
DNA was further amplified with the LongAmp Taq 2X
Master Mix (NEB) using the following program: 95°C
3 min; 18 cycles of 95°C 15 sec, 62°C 15 sec, 65°C 10 min;
65°C 20 min. Sequencing was performed using an early
access MinION device (ONT) on a FLO-MAPO003 flowcell
(ONT). Raw fast5 files were obtained with MinKNOW
(v0.50.2.15, ONT) using a 48 h genomic sequencing proto-
col, basecalled with ONT’s proprietary Metrichor cloud-
based basecalling service and the 2D Basecalling for
SQK-MAP006 v1.34 workflow.

Genomic DNA from the lab scale Anammox enrich-
ment reactor described in Liu et al. [28] was extracted
using the FastDNA SPIN Kit for Soil with 4x homogeniza-
tion on the FastPrep instrument (MP Bio). The DNA was
further purified using Genomic DNA Clean and Concen-
trator -10 Kit (Zymo Research). Approximately 1700 ng of
extracted DNA was used for library preparation using a
Ligation Sequencing Kit SQK-LSK108 (Oxford Nanopore
Technologies, Oxford, UK) for 1D sequencing according
to the manufacturer protocol. Sequencing was performed
using an early access MinION device (ONT) on a SpotON
FLO-MIN106 flowcell (R9.4). The run was stopped after
22 h due to low number of active pores. Fast5 files were
obtained with MinKNOW (v1.3.30, ONT) using a 48h
genomic sequencing protocol. Basecalling was performed
using Metrichor (Instance ID:135935, 1D Basecalling for
FLO-MIN106 450 bps_RNN (rev.1.121)).

Parameters
The MEGAN-LR approach employs a number of different
user-specified parameters. The main effect of changing

Fig. 3 Example of long read data exported from MEGAN-LR and imported into the IGB genome browser [26]
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Fig. 4 The LAST+MEGAN-LR pipeline. Long reads or contigs are aligned against the NCBI-nr database using LAST and the resulting MAF file
(multiple alignment format) is converted to DAA format (Diamond alignment format), including filtering of dominated alignments. Taxonomic and
functional binning of the reads or contigs is then performed using the Meganizer program and the results are appended to the DAA file. The
meganized DAA file can then opened and interactively analyzed in MEGAN-LR
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daa
MEGANIZER

any of these is usually a shift in the trade-off between
false positive and false negative taxonomic assignments.
What balance of false positives and false negatives is ideal
depends on the biological question at hand, and so the
parameters may have to be adjusted by the user.

The minSupport parameter (default setting 0.05%)
sets the “level of detection’, that is, it is used to decide
whether a taxonomic node has been assigned enough
weight (such as number of reads or number of aligned
bases, say) so as to appear in the displayed tree. If the
threshold is not met, then the weights are pushed up the
tree until enough weight has been accumulated. Lowering
this threshold will improve sensitivity for low-abundance
species while increasing the risk of false positives induced
by the erroneous assignment of individual reads, i.e.,
due to random hits or database errors. Increasing this
threshold will decrease false positives while causing more
low-abundance taxa to be missed.

The topPercent parameter (default value 10%) is
used to determine which alignments on the same interval
of a read are considered significant. An alignment is only
considered significant if its bitscore lies within the given
percentage of the bitscore for the best alignment. Setting
this threshold too small will result in false positive assign-
ments based on chance differences in alignment score,
whereas setting this threshold too large will result in false
negatives on lower taxonomic ranks due to assignment to
higher taxonomic classes.

The percentToCover parameter (default value 80%)
influences at what rank of the taxonomy a long read will
be placed. Setting this parameter too high or too low will
usually result in less specific assignments.

LAST alignment of long reads against the NCBI-nr
database can produce very large files due to large num-
bers of alignments covering the same segment of reads.
The concept of strong-domination was developed to
address this issue. By default, MEGAN-LR uses a setting
of MinPercentCoverToStronglyDominate = 90%

and TopPercentScoreToStronglyDominate=90%
to filter reads.

When reporting functional classes of intervals of a long
read, a key problem is which alignments to report on. In
practice, using all alignments found for a read produces
too many redundant gene calls. Here MEGAN-LR uses a
parameter MinPercentCoverToDominate = 50% to
filter the alignments that are reported.

In the “Results” section, we illustrate the effect of vary-
ing most of these parameters on the performance of
MEGAN-LR on mock community data.

Simulation study

To evaluate the performance of the proposed
LAST+MEGAN-LR approach and, in particular, of the
interval-union LCA algorithm, we undertook a simu-
lation study to estimate the sensitivity and precision of
the algorithm, following the protocol reported in [15], as
defined below. We attempted to model two major obsta-
cles in metagenomic studies, namely sequencing errors
and the incompleteness of reference databases.

Our simulation study is based on a set P of 4282
prokaryotic genomes from NCBI for which both anno-
tated genomes and annotated sets of proteins are
available, downloaded in March 2017. In addition, we
identified a subset Q of 1151 genomes that consists of
all those organisms in P whose genus contains at least
2 and at most 10 organisms in P, and for which a full
taxonomic classification is given. Note that Q can be parti-
tioned into nine different categories, based on the number
2 — 10 of organisms in Q that the corresponding genus
contains.

For each target species ¢ in Q, we performed the follow-
ing “leave-one-out” evaluation:

e First, we collected a set of R of 2000 simulated reads
from the genome sequence of t using NanoSim [29],
a read simulator that produces synthetic reads that
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reflect the characteristic base-calling errors of ONT
reads, running in linear mode.

e Second, we constructed a protein reference database
D; that contained all proteins associated with all
organisms in P except for t (“leave one out”).

e Third, we performed taxonomic binning of all reads
in R using LAST+MEGAN-LR as follows. We first
build a LAST reference index on D, then aligned all
reads in R against D; using LAST, with a frameshift
cost of 15, and then performed taxonomic binning of
all reads in MEGAN using the interval-union LCA
algorithm (default parameters).

e Fourth, for comparison, we also ran the taxonomic
binning program Kaiju[15] on R and D;, building a
custom Kaiju index on D;. We performed taxonomic
binning of simulated reads using Kaiju’s greedy mode,
with the maximum number of allowed substitutions
set to 5.

To be precise, we ran each of the four steps twice to pro-
duce two simulation datasets, each containing 2,000 reads
per target species. The first dataset was produced using
the ecoli_R73_2D (R7.3) simulator profile, whereas the
second was produced using the ecoli_R9_2D (R9) profile.
Both profiles were downloaded from the NanoSim FTP
address (http://ftp.bcgsc.ca/supplementary/NanoSim/) in
April 2017. The R7.3 profile introduces more errors in
reads and should make it harder for analysis methods to
identify appropriate reference sequences.

To compare the performance of MEGAN-LR and Kaiju,
we calculated the sensitivity and precision of taxonomic
assignments at the genus, family and order levels. In more
detail, following the approach used in [15], we define sen-
sitivity as the percentage of reads in R that are assigned
either to the correct taxon or to one of its descendants.
We define precision as the percentage of reads that are
assigned correctly, out of all reads that were binned to any
node that is not an ancestor of the correct taxon.

Results

We have implemented the interval-union LCA algorithm
and the modified functional binning algorithm. In addi-
tion, we have implemented a new long read interactive
viewer. We provide methods for exporting long read anno-
tations in GFF3 format. Our code has been integrated into
the open source edition of MEGAN. In addition, we have
modified MEGAN (and all tools bundled with MEGAN)
so as to support DNA-to-protein alignments that contain
frame-shifts. We use the term MEGAN-LR (MEGAN long
read) to refer to this major extension of MEGAN.

Simulation study
The results of our simulation study are shown in Fig. 5,
where we summarize the sensitivity and precision scores
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achieved at genus level by LAST+MEGAN-LR and
Kaiju, for both the R7.3 and R9 datasets. In all cases,
LAST+MEGAN-LR shows better sensitivity and precision
than Kaiju. As expected, both methods are less sensi-
tive on the R7.3 data, as many reads remain unclassified.
However, the difference in performance between the two
methods is larger on the R7.3 data, and we suspect that
this is due to the ability of LAST to perform frame-shift
aware alignments and thus to accommodate erroneous
insertions and deletions.

Per-dataset performance analysis of LAST+MEGAN-
LR and Kaiju is presented in Fig. 6. This shows that
LAST+MEGAN-LR outperforms Kajiu on a vast majority
of the simulated datasets, with Kajiu sometimes showing
better performance when the sensitivity or precision is
very low.

Kaiju is many times faster than LAST+MEGAN-LR.
However, the latter approach computes and uses all rele-
vant protein alignments, and these are also used to per-
form functional analysis of the reads or contigs. Hence,
we suggest to use Kaiju to obtain a fast, first taxonomic
profile for a set of long reads or contigs, and then to
use LAST+MEGAN-LR to perform a more accurate and
detailed subsequent analysis.

PacBio reads on HMP mock community
To test LAST+MEGAN-LR on a publicly available
PacBio mock community dataset, we downloaded “HMP
dataset 7” from the PacBio website https://github.com/
PacificBiosciences/DevNet/wiki/Human_Microbiome_
Project_MockB_Shotgun in April 2017. This dataset
contains 319,703 reads of average length 4,681 bp. It was
sequenced using the P5 polymerase and C3 chemistry.

LAST alignment against the NCBI-nr database (down-
loaded January 2017) resulted in protein alignments for
284,728 reads (89% of all reads). MEGAN-LR analysis
using the interval-union LCA algorithm assigned 1054
megabases (Mb) aligned bases to taxonomic nodes. Of
these, 945.3 Mb were assigned to bacterial genera, with no
false positives. A total of 758.4Mb of aligned sequences
were assigned to bacterial species, of which 755 Mb were
assigned to true positive species (that is, species known to
be contained in the mock-community), whereas approx-
imately 3.4Mb (0.4%) were assigned to false positive
species. The 20 bacterial species in the mock commu-
nity received between 2.8 Mb (0.37%) and 145 Mb (19%)
aligned bases assigned at the species level, whereas the
highest false positive species obtained 1.1 Mb (0.14%).

Kaiju classified 280,465 of these reads, assigning 128,774
to a species or lower rank node with a true positive rate
of 76.9%. 209,435 reads were assigned to a genus or lower
rank node with a true positive rate of 84.5%.

To investigate the use of LAST+MEGAN-LR on assem-
bled reads, we assembled this set of reads using minimap
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Fig. 5 Violin plots comparing the performance of LAST+MEGAN-LR and Kaiju for two simulation studies, one based on a R7.3 Nanopore chemistry
profile and the other based on a R9 Nanopore chemistry profile. In both cases, we report the sensitivity (percentage of reads assigned to the correct
taxon) and precision (percentage of reads assigned correctly out of all reads not binned to an ancestor of the correct taxon) of taxonomic
assignments. This is done at the genus level for nine different categories of genera (reflecting the number of species in the genus from which the
target species was removed), and for all. Results for the R7.3 profile are shown in a and b, and results for the R9 profile are shown in cand d

(options -Sw5 -L100 -mO -t8) and miniasm (version 0.2,
default options) [30] and obtained 1130 contigs, with a
mean length of 43,976 and maximum length of 1,272,994.
LAST alignment against the NCBI-nr database resulted
in 41.8 Mb of aligned sequences. Of this, 41.1 Mb and
38.6 Mb, were assigned to bacterial genus and species
nodes, respectively, with no false positives and only one
false negative species.

PacBio reads on Singer et al. mock community

Our analysis of PacBio reads recently published on a
mock-community containing 26 bacterial and archaeal
species [31] gave rise to results of similar quality. Of
53,654 reads of average length 1,041 and maximum length
16,403, exactly 51,577 received LAST alignments against
NCBI-nr. Of 49.5 Mb of aligned sequences, 45.8 Mb were
assigned to prokaryotic genera, with no assignments to
false positive species. The amount of sequence assigned at

the species level was 36.8 Mb, all of which was assigned to
true positive species.

Of the 26 species in the mock community, two are
not reported in the analysis and therefore constitute false
negative species. These make up approximately 0.01%
(Nocardiopsis dassonvillei) and 0.1% (Salmonella bongori)
of the community and are thus on the borderline of detec-
tion using the default settings of MEGAN-LR. By default,
MEGAN-LR requires that a taxon receives at least 0.05%
of all aligned bases before it is reported.

On this data, Kaiju assigned 47,056 reads at the species
level, with a true positive rate of 98.7%.

Nanopore reads on HMIP mock community

To perform the first test of our new methods on Nanopore
data, we sequenced the content of the Genomic DNA
from Microbial Mock Community B, as described in the
“Methods” section. We obtained 124,911 pass reads of
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Fig. 6 Here we plot the sensitivity and precision at genus level for Kaiju versus LAST+MEGAN-LR on the R7.3 samples in a and b, and on the R9

average length 2870, including all template-, complement-
and 2D reads.

The LAST alignment against the NCBI-nr database
resulted in protein alignments for 57,026 reads (45.6% of
all reads). MEGAN-LR analysis assigned a total of 110
Mb aligned bases. Of these, 100 Mb were assigned to
bacterial genera, with a false positive assignment rate of
0.1%. Approximately 71.9 Mb of aligned sequences were
assigned at the species level, with a false positive rate
of 0.9%. The 20 bacterial species in the mock commu-
nity received between 0.36 Mb (0.5%) and 12.2 Mb (17%)
aligned bases assigned at the species level, whereas the
highest false positive species obtained 0.21 Mb (0.3%).
Around 66 kb of all aligned sequences (0.05%) were falsely
assigned to Eukaryota.

Kaiju exhibited a higher false positive rate than
LAST+MEGAN-LR on these Nanopore reads, namely
19.8% and 12.6% at the species and genus level, respec-
tively. The program assigned 22,433 reads at the species
level and 39,173 reads at the genus level.

Application to anammox data
To illustrate the utility of our new methods in a research
context, we applied Nanopore sequencing to a sam-
ple obtained from a laboratory bio-reactor enriched for
anaerobic ammonium oxidizing bacteria (AnAOB) [32], as
described in the “Methods” section. We obtained 71,411
reads of average length 4658 and maximum length 30,846.
LAST alignment against the NCBI-nr database resulted
in protein alignments for 64,097 reads (90% of all reads).
MEGAN-LR analysis assigned a total of 212 Mb aligned
bases. Of these, 94 Mb were assigned to bacterial genera
and 112 Mb to bacterial species. The reason why there
are more assignments to species than there are to gen-
era is that some of the species present do not have a
genus designation in the NCBI taxonomy. The top ten
bacterial species assignments are shown in Table 1. This
indicates that the most abundant organism in the sample
is Candidatus Brocadia sinica, a known AnAOB species.
Functional binning in MEGAN-LR allows one to sum-
marize counts at different levels of detail. For example,



Huson et al. Biology Direct (2018) 13:6

Table 1 The ten top bacterial species identified in a Nanopore
dataset taken from an anammox enrichment bioreactor, by the
number of bases aligned to corresponding reference proteins

Species Aligned (Mb)
Candidatus Brocadia sinica 849
Armatimonadetes bacterium OLB18 88
Bacteroidetes bacterium OLB12 48
Rhodocyclaceae bacterium UTPRO2 29
Chloroflexi bacterium OLB13 2.7

Nitrospira sp. OLB3 15
Streptomyces sp. SolWspMP-5a-2 1.1
Anaerolineae bacterium UTCFX5 06
Pseudorhodoplanes sinuspersici 04

For Candidatus Brocadia sinica, this suggests at least ten-fold coverage of the
genome

in Table 2 we list the number of alignments to genes for
the main KEGG categories of metabolism. MEGAN-LR
also makes it possible to investigate function in detail. For
example, the anammox process relies on the extremely
reactive intermediate hydrazine, produced by the enzyme
hydrazine synthase, comprised of the three protein sub-
units HSZ-o, HZS-8 and HZS-y [33]. Using MEGAN-LR,
we identified eight reads that together contain all three
subunits, see Fig. 7.

To illustrate the use of LAST+MEGAN-LR on assem-
bled reads, we assembled this set of reads using min-
imap (options -Sw5 -L100 -m0 -t8) and miniasm (default
options) [30] and obtained 31 contigs, with a mean length

Table 2 For each of the main KEGG categories of metabolism,
we report the number of alignments against KEGG Orthology
reference sequences for the given category, and the number of
different KEGG Orthology groups (KOs) involved in such
alignments

KEGG metabolism categories # Alignments #KOs
Carbohydrate metabolism 9691 347
Amino acid metabolism 8519 371
Energy metabolism 4909 225
Metabolism of cofactors and vitamins 2826 197
Nucleotide metabolism 2675 124
Lipid metabolism 2564 95
Xenobiotics biodegradation and metabolism 1738 116
Glycan biosynthesis and metabolism 1684 114
Metabolism of other amino acids 1344 73
Metabolism of terpenoids and polyketides 1156 63
Biosynthesis of other secondary metabolites 1076 54

These results are based on a LAST+MEGAN-LR analysis of Nanopore reads from an
anammox enrichment bioreactor
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of 129,601 and maximum length of 750,799. LAST align-
ment against the NCBI-nr database resulted in 2.98 Mb
of aligned sequences. The interval-union LCA algorithm
assigned 13 contigs and 96% of all aligned bases to Candi-
datus Brocadia sinica.

Performance

To illustrate the computational resources required by
the LAST+MEGAN-LR approach, we measured the wall-
clock time and memory consumption on the four datasets
discussed above. In addition, we considered a further
unpublished Nanopore dataset obtained from cheese,
consisting of 34 million reads of average length 1460
and maximum length 229,439 (unpublished data pro-
vided by the Dutton Lab, UCSD, during the Santa Barbara
Advanced School of Quantitative Biology 2017). The pro-
grams were run on a Linux server with 32 cores and 512
GB of main memory.

We ran LAST using a volume size setting (parame-
ter -s) of 20 GB (the maximum value), and recorded the
peak memory used by the program. We set the maximum
memory limit of MEGAN to between 5 GB and 10 GB,
depending on the input size. We summarize our mea-
surements in Table 3. The LAST alignment of reads was
performed against the entire NCBI-nr protein database
and the total size of the LAST index was 215 GB. This step
took between a few minutes and a few hours, depending
on the size of the input file. The subsequent two steps of
conversion and meganization took less than half as long
as alignment. By using a smaller LAST volume size, the
whole pipeline can also be run on a computer with 16 GB
main memory, such as a laptop.

Parameters

To investigate the effect of setting particular parame-
ter values, we analyzed the three mock communities
employing a range of different values for minSupport,
topPercent and percentToCover. We used the val-
ues 0, 0.025, 0.05, 0.075 and 0.1 for minSupport; 0, 5, 10
and 20 for topPercent;and 50, 60, 70, 80, 90 and 100 for
percentToCover, respectively. Starting with the DAA
file containing the LAST alignments of the reads against
NBClI-nr, we ran the classification step of the MEGAN-
LR pipeline on all possible combinations of values for the
three parameters, with all other parameters set to their
default values. We turned off the strong-domination filter
for the cases in which topPercent equals 20, because
that filter removes any alignment whose score lies 10%
below that of the best overlapping hit.

For all combinations of parameters, we calculated the
rate of true positives and false positives for the number of
assigned bases at the species and genus ranks, as well as
for the number of assigned bases at any rank above genus.
Figure 8 shows these values for Nanopore reads on HMP
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that together contain all three subunits of the hydrazine synthase gene,

mock community. The figures for PacBio reads on the
HMP and the Singer et al. mock community are available
in the supplementary material. We also decided to omit
the minSupport parameter in the figures as it showed
little to no variability for any value above 0. Turning off
minSupport causes spurious assignments of some reads
(up to 4% at species level).

As depicted in Fig. 8, increasing the percent ToCover
parameter improves the specificity of the true positive
assignments (i.e. more reads are binned at lower ranks),
but also increases the rate of false positives.

Using a higher value of the topPercent parameter
results in more alignments being considered by the LCA
algorithm and thus results in a more conservative or less
specific binning of reads.

We would like to emphasize that the datasets tested
for the effects of parameters in this study are mock
communities of species whose proteins are well repre-
sented in the reference database. While Fig. 8 suggests
setting TopPercent to 5% and percentToCover
to 90%, we suggest that in practice both values
should be relaxed slightly, to 10 and 80%, respec-
tively, so as to account for the fact that environmental
microbes are usually not so well represented by reference
sequences.

Discussion

The application of long read sequencing technologies to
microbiome samples promises to provide a much more
informative description of the genetic content of environ-
mental samples. The alignment of long reads against a
protein reference database is a key step in the functional
analysis of such data. Here we show that such protein
alignments can also be used to perform accurate taxo-
nomic binning using the interval-union LCA algorithm.

Our simulation study suggests that LAST+MEGAN-LR
performs taxonomic binning more accurately than Kaiju.
The reported results on mock community datasets indi-
cate a high level of accuracy down to the species level
when the corresponding species are represented in the
protein reference database. In addition, the computed
protein alignments can be used to identify genes and
MEGAN-LR provides a useful visualization of the anno-
tated sequences.

The main motivation for developing these new methods
is to assist our work on the study of microbial communi-
ties in enrichment bio-rectors, where long read sequenc-
ing promises to provide access to near-complete genome
sequences of the dominating species.

The simple assembly of the anammox data presented in
this paper places the dominant species into 11 contigs of
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Table 3 Performance of the LAST+MEGAN-LR pipeline
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Step Input Output Runtime Memory
PacBio reads on HMP mock community

Align Reads file (1.5 GB) MAF file 119min 23GB

Convert MAF file (49 GB) DAA file 29min 5GB

Classify DAA file (4.2 GB) Meganized DAA file (4.5 GB) 6min 5GB
PacBio reads on Singer et al. mock community

Align Reads file (56 MB) MAF file 10min 22GB

Convert MAF file (8.9 GB) DAA file 5min 5GB

Classify DAA file (197 MB) Meganized DAA file (415 MB) 1min 5GB
Nanopore reads on HMP mock community

Align Reads file (191 MB) MAF file 10 min 22GB

Convert MAF file (6.1 GB) DAA file 3min 5GB

Classify DAA file (553 MB) Meganized DAA file (644 MB) 1 min 5GB
Anammox data

Align Reads file (336 MB) MAF file 31 min 24GB

Convert MAF file (8.5 GB) DAA file 4min 5GB

Classify DAAfile (371 MB) Meganized DAA file (500 MB) 2min 5GB
Cheese data

Align Reads file (5.1 GB) MAF file 251 min 24GB

Convert MAF file (93 GB) DAA file 90 min 10GB

Classify DAA file (3.1 GB) Meganized DAA file (3.5 GB) 5min 10GB

For each of five long read datasets, we report the wall-clock time and main memory required by LAST to align against the NCBI-nr database, for MEGAN to convert the LAST
MAF output files into DAA format, and then for MEGAN to classify the reads so as to meganize the DAA file, respectively. The computations were performed on a Linux server

with 32 cores and 512GB memory

length greater than 100 kb, containing about 2.8 Mb of
aligned sequence and 3.7 Mb of total sequence. This sug-
gests that a more careful assembly, assisted by a set of high
quality MiSeq reads, should result in a nearly complete
genome.

Our simulation study did not incorporate chimerism or
similar artifacts. Because Kaiju uses a heuristic based on
the longest match found, we suspect that Kaiju will per-
form poorly on chimeric reads or misassembled contigs,
assigning such a read to one of the source taxa. In contrast,
the interval-union LCA algorithm requires by default that
80% of the aligned read is assigned to a taxon and so
in practice, such reads will often be placed on a higher
taxonomic node.

All datasets discussed in this paper are available
here: http://ab.inf.uni-tuebingen.de/software/downloads/
megan-Ir.

Conclusions

There is increasing interest in using long reads in micro-
biome sequencing and there is a need to adapt short
read tools to long read datasets. In this paper we present

an extension of the widely-used metagenomic analysis
software MEGAN to long reads. With MEGAN-LR, we
provide new algorithms for taxonomic binning, func-
tional annotation and easy interactive exploration of
metagenomic long reads and contigs, based on DNA-
to-protein alignments. Our work suggests that the pre-
sented LAST+MEGAN-LR pipeline is sufficiently fast and
accurate.

Reviewers’ comments

Reviewer’s report 1: Nicola Segata and Moreno Zolfo
Reviewer’s comments: The authors present here a novel
computational pipeline to address the issue of taxo-
nomical and functional classification of long reads. The
authors correctly underline that long reads from emerging
sequencing technologies are currently a computational
challenge in the field of metagenomics. Indeed, not much
attention has been dedicated to the taxonomic identifica-
tion of long reads, and the author developed an extension
of the previously published MEGAN software, which they
call MEGAN-LR. The pipeline works with long nucleotide
reads which are mapped against a protein database using
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LAST, it accounts for read that align against more than
one protein, and is frameshift aware. The authors pro-
vide convincing evidences on the accuracy and precision
of MEGAN-LR on synthetic data and mock communities
sequenced ad-hoc. This review was performed by Nicola
Segata and Moreno Zolfo

As summarized in my comments above, I think this is a
well written and clear paper. I do not think there are many
major issues, but there are several points that the authors
should at least consider addressing to improve the paper:

1. It would be useful for the general comprehension of
the frameset in which MEGAN-LR is set, to

this threshold was chosen as default: was it the result
of a parameter- optimization of some sort?
Author’s response: We have added a section on
“Parameters” to Methods.

3. Similarly, one could test the impact of the threshold
that is used to determine whether a LAST alignment
is strongly dominated by another alignment. Since
this value is set by default to 90%, it would be
interesting to see the behaviour of the mapper at
different thresholds.

Author’s response: We have added a section on
“Parameters” to Methods.
4. The fact that some alignments in the MAF file are

understand why the authors decided to focus on
protein-based taxonomic assignment. Most of the
other existing algorithms use nucleotide-based
approaches. I would suggest to add a paragraph
exploring the advantages and disadvantages of the
two approaches.
Author’s response: We have added a paragraph
discussing this to the Background section. 5.
2. The default threshold to report the presence for a
taxon is set to 0.05% of the total aligning bases. Since
the overall performance of the algorithm could be
dramatically affected by this parameter, it would be
nice to see how the precision and specificity of
MEGAN- LR vary when changing the threshold.
Also, I think that the authors should clarify on how

eliminated if they are strongly dominated by another
alignment can affect the correct placement of a read.
How did the authors decide the default thresholds by
which this mechanism is implemented in
MEGAN-LR?

Author’s response: We have added a section on
“Parameters” to Methods.

Overall, a precise estimate on the memory and CPU
requirements of MEGAN-LR is not provided. I think
this point should be reported more clearly, by
providing the computational resources used by
MEGAN-LR in the analysis. Specifically, I think it
would be useful to report how much CPU time and
memory were required in each of the validations step.
Moreover, it would be also useful to have an estimate
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on the order of magnitude of time required to analyse
a whole average PacBio/Nanopore metagenome.
Author’s response: We have added a section on
“Performance” to Results.

6. Figure 5, the performances of Kaiju and
LAST+MEGAN-LR are binned by the number of
species in the genus. It would be interesting to see in
the same box plot also the summed (i.e. overall)
distributions for each subplot.

Author’s response: To each subplot, we have added
a category that summarizes all datasets.

7. The comparison between Kaiju and MEGAN-LR is
performed only on the simulated dataset. I would
suggest to run Kaiju also on the PacBio and
Nanopore reads from the mock communities, if the
genomes of the species present in the communities
are available and well annotated. This should provide
further support to the higher specificity and
precision of MEGAN-LR.

Author’s response: We have added true positive and
false positive rates of Kaiju’s assignments for mock
communities against NCBI-nr to their respective
sections.

8. Another computational tool that is addressing the
problem of long-reads mapping is MinHash (Jain
et al,, https://doi.org/10.1101/103812). It is
understandable that the validation was conducted
only on Kaiju (as it is the only tool using
protein-alignments). Nevertheless, it would be
interesting to see the other approaches compared.
Author’s response: A comparison against
DNA-based analysis approaches is beyond the scope
of this paper.

9. There is no much on the task of “functional
classification” in the “Results” section. Estimating the
functional potential of a microbiome is an important
task, and it would be very nice if the authors provide
some details, validation, and application on real data
for this. ror example could the authors provide some
comments on the functional landscape detectable
with MEGAN-LR of the anammox dataset?
Author’s response: We have added a high-level
summary genes assigned to KEGG metabolic
categories and also a detailed inspection of the key
hydrazine syntase subunits for the anammox sample.

Reviewer’s report 2: Pete James Lockhart

Reviewer’s comments: The manuscript by Huson et al.
describes and evaluates a novel approach for analyzing
long sequence reads and these to taxa and functional cat-
egories. The approach will be welcomed by biologists as
it provides objective criteria and an interactive means
to evaluate the taxonomic identity of species in metage-
nomics samples.
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Identify genome functional characteristics. The latter
will include e.g. virulence and pathogenicity, and pro-
vides a means e.g. for assessing health risk posed by
micro- organisms in metagenomics samples. I have indi-
cated some minor points of communication that should
be considered.

1. Also a number of default thresholds are indicated for
different stages of analysis, e.g. 80% threshold for the
LCA assignment, 50% for the alignment dominance
criterion, 0.05% for MEGAN-LR reporting. It would
help potential users to have more insight into the
thinking behind these values , and whether or not
additional threshold values should be considered.
Author’s response: We have added a section on
“Parameters” to Methods.

Reviewer’s report 3: Serghei Mangul
Reviewer’s comments:

1. The authors propose protein based alignment. Is
there an advantage to use protein-based alignment
versus nucleotide-based alignment?

Author’s response: We have added a paragraph
discussing this to the Background section.

2. The nucleotide- based methods (for example
Centrifuge) have been excluded from the
comparison. Including those methods (by using the
comparable database with nucleotide sequences ) can
be valuable. Also, this will provide a general
comparison of nucleotide-based versus protein based
performance of metagenomic tools.

Author’s response: While we agree that such a
comparison would be useful, such a comparison
against DNA-based analysis approaches is beyond
the scope of this paper.

3. p.9, line 46. More information about the leave-one-
out experiment is required. What is the motivation
for the experiment? Does it refer to removing one
reference genome, from which reads were simulated?
Such experiment can quantify, the possibility of
misassignment of reads to the close-related genome,
due to the incompleteness of the reference.

Author’s response: Yes, all genes associate with the
source genome are removed from the reference
database.

4. p.10, line 18. What is the maximum number of
mismatches allowed by MEGAN-LR? The effect of
this parameter on the performance of both
Megan-LR and Kaiju needs to be explored.

Author’s response: While the number of
mismatches is an important parameter for
DNA-DNA alignments, it does not usually play a role
in amino-acid alignments.
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5. p.10. How was the performance on the species level?
Author’s response: Our study follows the one
published in the Kaiju paper and does not allow an
assessment of species-level performance due to its
‘leave one species out” approach.

6. p.10. The paper report sensitivity and precision on
the read level. It would be interesting to know such
performance on different taxa levels. In such, case
sensitivity, for example, would be the percentage of
taxa correctly identified.

Author’s response: We have added supplementary
plots for higher taxonomic levels to the companion
website.

7. p.11. The contribution of LAST algorithms to the
superiority of MEGAN-LR in comparison to other
methods needs to be quantified. One way to do so is
to compare the performance of Kaiju with LAST
instead of current alignment algorithm.

Author’s response: As an aligner, LAST does not
perform taxonomic binning and so a comparison of
Kaiju with LAST without MEGAN-LR is not possible.

8. p.12, line 24. A more extensive analysis is required.
Besides, FN species, it will be interesting to know the
number of TP, FP and general sensitivity and
precision of each taxonomic level.

Author’s response: FN levels are very low for the
mock data. We now report TP and FP in Fig. 8.
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Abstract

increasingly feasible.

new approach to correcting erroneous frame-shifts.

members of a microbiome.

Software

Background: Short-read sequencing technologies have long been the work-horse of microbiome analysis.
Continuing technological advances are making the application of long-read sequencing to metagenomic samples

Results: We demonstrate that whole bacterial chromosomes can be obtained from an enriched community, by
application of MinlON sequencing to a sample from an EBPR bioreactor, producing 6 Gb of sequence that assembles
into multiple closed bacterial chromosomes. We provide a simple pipeline for processing such data, which includes a

Conclusions: Advances in long-read sequencing technology and corresponding algorithms will allow the routine
extraction of whole chromosomes from environmental samples, providing a more detailed picture of individual

Keywords: Microbiome, Long-read sequencing, Microbial genomics, Sequence assembly, Frame-shifts, Algorithms,

Background
Second-generation sequencing has been the work-horse
of metagenomic analysis of microbiomes, with typical
studies based on hundreds of millions of short reads
[1, 2]. While the taxonomic and functional binning of
short metagenomics read data are reasonably straight-
forward computational problems [3], much recent work
has focused on the challenge of assembling and binning
metagenomic contigs, a procedure which provides invalu-
able working models of the genomes of member species
[4]. However, the assembly of whole bacterial chromo-
somes from short metagenomic reads has proven to be an
all but impossible task.

Third generation sequencing promises to allow the
extraction of whole genomes from environmental samples
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“4Singapore Centre for Environmental Life Sciences Engineering, National
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with ease [5]. This promise is now beginning to be ful-
filled. Here, we report on the results of a single ONT Min-
ION run on a microbial community from an enrichment
bioreactor targeting polyphosphate accumulating organ-
isms (PAO), that had been inoculated with activated sludge
from a full-scale water reclamation plant in Singapore.

Results

Running a MinION sequencer for 1 day, we obtained ~
695,000 long reads with an average length of 9 kb, total-
ing approximately 6 Gb of sequence (Additional file 1:
Table S1). Using Unicycler [6-8], we assembled these
into 1702 contigs (LR contigs) of average length 61kb
(Additional file 2: Table S2). We observed 10 contigs over
1Mb in length, including five circular contigs between
2.7 and 4.2 Mb long (see Fig. 1a). In principle, long-read
assembly procedures could generate complete genomes
de novo, without the need for complex contig bin-
ning procedures, and accordingly we designed tools and
analyses to determine the extent to which such long

© The Author(s). 2019 Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0

B BMC

International License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons license, and indicate if changes were made. The Creative Commons Public Domain Dedication waiver

(http://creativecommons.org/publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated.
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Fig. 1 Summary of results. a Bandage [30] visualization of the Unicycler assembly graph before final segmentation into contigs. The largest
connected components are labeled by the corresponding taxonomic bins, and the nodes are colored by the MEGAN taxonomic classification of the
corresponding long reads. The seven longest linear and circular components correspond to the seven LR-chromosomes. b MEGAN-LR taxonomic
binning: nodes are scaled to indicate the number of aligned bases in each bin. Bins that are more than 50% complete are shown in bold. € Annotation
of the seven LR-chromosomes, labeled by the corresponding taxonomic bins. The three circular tracks indicate the genes annotated by Prokka on

the forward strand (blue) and reverse strand (pink), and GC-skew (green and red indicate lower or higher than average GC content, respectively)

contigs represented genomes of member species of the
community. Our analyses are based on (1) the anal-
ysis of genome completeness and quality, (2) whole

Long reads, and, to a lesser degree, LR contigs, suffer
from a high rate of erroneous insertions and deletions,
which lead to frame-shifts in translated alignments. For
the data presented here, the average number of frame-
shifts per kilobyte of aligned sequence is 14.8, for
unassembled long reads, and 6, for LR contigs, with a stan-
dard deviation of 2.9 and 2, respectively. For this reason,

genome comparisons to reference genomes, and (3) com-
parison with metagenome-assembled genomes recov-
ered from short reads sequenced from the same DNA

sample.
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genome evaluation tools (such as CheckM [9]) and anno-
tation workflows (such as Prokka [10]), which typically
employ translated alignments, perform poorly on current
long-read data.

To address this deficiency, we have developed a two-step
frame-shift correction technique. First, we have modified
DIAMOND [11] (v 0.9.23) so as to perform a frame-shift
aware DNA-to-protein alignment [12] of the sequences
against the NCBI-nr protein reference database [13]. Sec-
ond, based on the location of frame-shifts reported in the
alignments, we insert Ns into the sequences so as to main-
tain the frame (see Fig. 2b). Sequences corrected in this
way can be evaluated and annotated using conventional
genome quality and annotation tools.

We performed initial taxonomic analysis of all LR con-
tigs using MEGAN-LR [14] (v 6.13.3), obtaining 106 tax-
onomic bins at different taxonomic ranks (see Fig. 1b
and Additional file 3: Table S3). To determine whether
these taxonomic bins might harbor complete genomes,
we applied CheckM to the set of frame-shift-corrected
LR contigs contained in each taxonomic bin. This anal-
ysis indicates that 14 of the bins are more than 50%
complete. Of these, six fulfill the definition of a “high

Page30of13

quality draft” metagenome-assembled genome (namely,
completeness > 90% and contamination < 5%). For
purposes of this paper, we also consider the seventh bin
listed in Table 1 as high quality, as it consists of only one
circular LR contig and is of chromosomal length. There
are four additional bins that reach the level of “medium
quality draft” (completeness > 50% and contamination
< 10%) [15].

In all seven high-quality bins, the CheckM results derive
from a single long contig, of length 2.7 — 5.2 Mb, with the
numbers of cognate rRNA and tRNA genes, and protein
coding genes, as reported by Prokka, all lying within the
range usually seen for bacterial genomes (see Table 1 and
Additional file 3: Table S3). Throughout this paper, we will
refer to these long contigs as the seven LR chromosomes.

From the seven high quality taxonomic bins, we
obtained a near-complete LR chromosome (number B2
in Table 1) that is binned to Candidatus Accumulibac-
ter, a polyphosphate accumulating organism (PAO) that
is commonly observed in waste-water treatment plants
and is the target of our enrichment protocol [16]. Two
circular LR chromosomes (Bl and B5) are binned to
the species Bacteroidetes bacterium OLB8 and OLB12,

MH

Completeness and

CheckM contamination

Annotated
genomes

Long read or contig (DNA)

MlnION UmCyc\er DIAMOND MEGAN LR] [ Prokka
SEQUENCING &
I" BASE-CALLING SR IELY
21h + 15h
36h 36+2h 36+4h 36+5h

36+6h

DIAMOND alignment:

Query: 92 MEFN/LKALAPMWT/GGNDNSILH\LTGLPGYA-\DPSEDNK 196
MEF LKAL PMWT GGNDNSILH LTGL GYA DPSEDNK
Sbjct: 1 MEFK-LKALTPMWT-GGNDNSILH-LTGLAGYAC-DPSEDNK 38
) N N
Correction: \N/ \N/ ‘Q / Q /
v v v v

Fig. 2 Analysis. a Long-read analysis pipeline shown from left to right. MinlON sequencing produces a set of reads. These are assembled into

contigs using Unicycler and aligned against the NCBI-nr database using DIAMOND. The contigs and alignments are processed by MEGAN so as to
perform taxonomic binning and also to produce frame-shift-corrected contigs. These are analyzed using CheckM and annotated using Prokka. The
duration of each step is shown in wall-clock hours. MEGAN analysis took less than 10 min. b Frame-shift correction: in frame-shift alignments,
forward slashes, and backward slashes indicate a frame decrease, or increase, by one, respectively. Correction is performed by inserting one or two

unspecified nucleotides into the sequence, respectively
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Table 1 Summary of results
(a) (b) (© (d) (e) ® @ (h) 0] )
DIAMOND+MEGAN Unicycler ~ Total  Aligned  Average CheckM Prokka
taxonomic bin contigs (Mb) (Mb) coverage Complete. contam. rRNA tRNA CDS
High-quality draft
genomes:
B1 Bacteroidetes bacterium 1 4.2 35 573 95% 0.1% 6 39 4,163
OLB12
B2 Candidatus Accumulibacter 1 52 4.1 384.2 94% 0.6% 4 53 4915
SK-02
B3 Chlamydiia (class) 1 28 18 488 94% 2% 6 39 3,387
B4 Gammaproteobacteria 43 47 30 93% 2% 6 52 4833
(class)
-Longest contig 27 1.6 25.1 93% 0.2% 3 40 3,359
B5 Bacteroidetes bacterium 1 38 30 521 93% 1% 6 37 339%
OLB8
B6 Rhodospirillales (order) 1 44 30 29.5 92% 0.5% 3 47 4,015
B7 Chlorobi bacterium OLB5 1 35 25 387 88% 1% 3 41 4,131
Medium quality
draft genomes:
B8 Thauera (genus) 25 46 40 89% 4% 12 64 4,040
-Longest contig 0.8 0.7 327 14% 0% 0 5 672
B9 Sphingobacteriales 59 32 28 76% 1% 2 17 2,953
bacterium 44-15
-Longest contig 0.2 0.1 102 0% 0% 0 0 172
B10 Bacteroidetes (phylum) 43 39 26 72% 7% 1 12 1,997
-Longest contig 12 0.8 14.1 32% 0% 0 3 807
B11 Candidatus 39 25 20 59% 9% 2 37 2,668
Contendobacter B J11
-Longest contig 03 03 154 19% 0% 0 7 295
Low quality draft
genomes:
B12 Betaproteobacteria (class) 1m 6.6 55 89% 79% 6 71 4,655
-Longest contig 04 0.3 371 10% 0% 0 1 372
B13 Nitrospira (genus) 34 4.2 37 83% 13% 0 6 563
-Longest contig 1.1 0.9 176 27% 0% 0 2 99
B14 Chloroflexi (phylum) 151 54 43 71% 29% 0 Il 3,565
-Longest contig 0.2 0.2 133 8% 0% 0 1 86

For all 14 taxonomic bins B1-B14 that CheckM deems > 50% complete (a), and -in cases where the bin contains more than one contig- also for the longest contig, in
descending order of assembly quality, we report (b) the number of contigs produced by Unicycler, (c) the total number of bases, (d) the number of bases aligned by
DIAMOND to some protein reference, (e) the average coverage by long reads (based on the longest contig), (f) the %-completeness and (g) %-contamination reported by
CheckM, and (h)-(j), the number of rRNA, tRNA and coding sequences reported by Prokka, respectively

both of which were originally recovered as metagenome-
assembled genomes from a partial-nitritation anammox
(PNA) bioreactor community, where they are thought to
function as aerobic heterotrophs [17]. All three of these
LR-chromosomes align end-to-end to their corresponding
(fragmented) reference genomes (see Fig. 3).

The remaining four are closed circular chromosomes
that do not align to any current reference genome and thus
most likely represent novel organisms. One of these (B3)

is binned to the class of Chlamydiia. Although normally
considered an obligate intracellular pathogen in humans,
members of the phylum Chlamydiae are known to occur
in microeukaryotes that occur as predators in such reactor
communities [18]. Another (B6) is binned to Rhodospiril-
lales and contains a 16S sequence that maps to the genus
Defluviicoccus. Some members of this genus compete with
PAO for carbon sources and are commonly observed in
PAO enrichment reactors [19]. Another LR chromosome
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>~
|

GCA 000584975.2 (149)
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Fig. 3 Dot plots for the three LR-chromosomes that have high similarity to reference genome assemblies, namely, B1 against GCA_001567185.1
(Bacteroidetes bacterium OLB12), B2 against GCA_000584975.2 (Candidatus accumulibacter sp. SK-02), and B5 against GCA_001567405.1
(Bacteroidetes bacterium OLB8). Forward alignments are shown in red, whereas reverse complemented alignments are shown in blue, and gray lines

indicate contig boundaries in the reference assemblies. The number of contigs in each reference sequence is given in brackets

(B4) is binned to the class Gammaproteobacteria. Finally,
we obtained an LR chromosome (B7) that is binned
to Chlorobi bacterium OLBS, an organism previously
observed in waste-water [17].

For all seven LR-chromosomes, Silva analysis [20] of the
contained 16S sequences confirm the taxon bin assign-
ment obtained by MEGAN analysis (see Table 2).

Solely for the purpose of verification, we also pro-
duced a second independent set of paired reads from the
same DNA aliquot using Illumina short-read sequencing.
First, we used the short-read clone coverage to detect
potential break-points in the assemblies of 7 LR chromo-
somes that might indicate long-read assembly errors, and
found 11. All but one of these positions have very good
long-read coverage, making an assembly error unlikely

Table 2 For all seven LR chromosomes, we list the MEGAN and
Silva taxonomic assignments

Bin  MEGAN assignment Silva assignment

B1 Bacteroidetes bacterium OLB12 Bacteroidetes; Bacteroidia;

Cytophagales; Microscillaceae;

OLB12
B2 Candidatus Accumulibacter sp. Proteobacteria;
SK-02 Gammaproteobacteria;

Betaproteobacteriales;
Rhodocyclaceae; Candidatus
Accumulibacter

B3 Chlamydiia (class) Chlamydiae; Chlamydiae;
Chlamydiales;

Parachlamydiaceae

B4 Gammaproteobacteria (class) Proteobacteria;
Gammaproteobacteria;

Coxiellales; Coxiellaceae; Coxiella

B5 Bacteroidetes bacterium OLB8 Bacteroidetes; Bacteroidia,
Chitinophagales;

Saprospiraceae; OLB8

B6 Rhodospirillales (order) Proteobacteria;
Alphaproteobacteria;
Rhodospirillales;

Rhodopirillaceae; Defluviicoccus

B7 Chlorobi bacterium OLB5 Ignavibacteriae; lgnavibacteria;
Ignavibacteriales;

Ignavibacteriaceae

at these positions. Second, we assembled the short reads
and aligned the short-read contigs against the long-read
contigs, and this comparison shows a very high degree
of co-linearity within the SR contigs (see Fig. 5). Third,
we performed metagenomic binning of the short-read
contigs and compared the short-read bins with the long-
read chromosomes, confirming a very high level of con-
cordance between the two assemblies (see Fig. 6 and
Additional file 11: Figure S3).

Discussion

In this study, a single run of a nanopore MinION device on
an enriched bioreactor community gave rise to a high cov-
erage (384x) of the target polyphosphate accumulating
organism, Candidatus Accumulibacter, but also 10-60x
coverage for 13 other taxa. From this data, in total, seven
high quality draft genomes were obtained, six of which as
closed circular chromosomes. Only three of these draft
genomes have closely related reference genomes at NCBI.
In all three cases, the LR chromosomes display a major
improvement in continuity over the fragmented reference
genomes, which were obtained by metagenomic assembly
of short reads.

A potential concern might be that the reported
megabase-sized contigs might be chimeric or otherwise
incorrect. The results reported by CheckM and Prokka
suggest that these sequences are entirely consistent with
being complete bacterial chromosomes. Moreover, our
comparison with a set of short reads sequenced from the
same DNA provides further evidence that the reported
LR chromosomes are correct, and that an extremely high
degree of recapitulation is obtained when compared to
draft genomes obtained from the same DNA extraction.
However, it is possible that some parts of the reported LR
chromosomes might locally represent a mixture of closely
related strains.

One current issue with long-read sequencing technolo-
gies is that they produce a significant rate of erroneous
insertions and deletions, which cause problems when per-
forming translated alignments. Our work suggests that
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Fig. 4 Distribution of repeat rates in all complete bacterial genomes in RefSeq. Vertical lines show the repeat rate of the seven LR chromosomes.
Additional 17 data points that have a repeat percentage above 25% are not shown

frame-shift aware alignment techniques can be used to
reduce such problems. If short reads are available for
the same DNA, then these can be used to polish the LR
contigs so as to further reduce the frame-shift problem.
On the data presented in this paper, short-read polishing
reduced the average number of frame-shifts per kilobyte
of aligned sequence to 1.2.

A major challenge for the use of long-read sequenc-
ing technologies in metagenomics is that the use of more
aggressive DNA extraction techniques to access the DNA
molecules of more robust cells may lead to more frac-
turing of the DNA molecules, which will limit the length
of the sequencing reads. In this paper, our focus was on
obtaining long enough reads to allow the assembly of com-
plete chromosomes, so organisms present in low abun-
dance or with more robust cells are underrepresented
in the long-read data, as indicated in Additional file 9:
Figure S1.

Conclusions

This work suggests that it is now possible to obtain
complete bacterial chromosomes from an enriched
microbial community using Nanopore sequencing.
We provide a straight-forward pipeline for processing
such data. It performs assembly, alignment against
NCBI-nr, taxonomic binning, frame-shift correction,

bin quality analysis and annotation, in less than 6 h
(see Fig. 2a).

The application of long-read sequencing techniques
promises to allow the routine extraction of whole
chromosomes from environmental samples, providing a
much more detailed picture of individual members of a
microbiome.

Methods

EPBR bioreactor

A sequencing batch reactor (SBR) with 5.4 L working vol-
ume was inoculated with activated sludge from an EBPR
mother reactor. A slow feeding strategy was applied for
the reactor operation, which has been shown to benefit
the proliferation of Ca. Accumulibacter [21]. The SBR was
operated in 6 h cycles, including 60 min feeding, 20 min
anaerobic, 180 min aerobic, and a 100 min settling/decant
stage. In each cycle, 2.35 L of synthetic waste-water com-
posed of 0.53 L of solution A (containing 1.02 g/L NH4Cl,
1.2 g/L MgSO, 7H,0, 0.01 g/L peptone, 0.01 g/L yeast
extract, and 6.8 g/L sodium acetate) and 1.82 L of solu-
tion B (0. 312 g/L KyHPO43H20, 0.185 g/L KH3POy, 0.75
mg/L FeCl3 6H,0 0.015 mg/L CuSO4 5H,0, 0.03 mg/L
MnCly, 0.06 mg/L ZnSQOy, 0.075 mg/L CoCly, 0.075 mg/L
H3BO3, 0.09mg/L KI, and 0.06 mg/L NayMoO4 2H,0)
(modified from [22]) was introduced into the reactor. The
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Fig. 5 For each of the seven LR chromosomes (B1-B7), we show a dot plot comparison against the set of SR contigs that align, reporting their
number in brackets

reactor was operated at 30 °C with an hydraulic reten-
tion time (HRT) and a solid retention time (SRT) of 12 h
and 11 days, respectively. The pH was controlled at 7.00—
7.60 with DO levels maintained at 0.8—1.2 mg/L during
the aerobic phase. The SBR achieved P-release of 180—-200
mg/L with complete P removal observed after a 6-month
operation. The reactor was sampled on day 267 of the
operation.

DNA extraction

Genomic DNA was extracted from the sampled biomass
with the FastDNA™SPIN kit (MP Biomedicals) for soil,
using 2x bead beating with a FastPrep homogenizer (MP
Biomedicals). The DNA was then size-selected on a Blue
Pippin DNA size selection device (SageScience) using a
BLF-7510 cassette with high pass filtering with a 8kb
cut-off.

Nanopore sequencing
The sequencing library was constructed from approx-
imately 4ug of genomic DNA using the SQK-LSK

108 Ligation Sequencing Kit (Oxford Nanopore Tech-
nologies). Sequencing was performed on a MinION
MKk1B instrument (Oxford Nanopore Technologies) using
a SpotON FLO MIN106 flowcell (FAH85393) and R
9.4 chemistry, running for approximately 24 h. Data
acquisition was performed using MinKNOW version
1.14.1 running on a HP ProDesk 600G2 computer
(64-bit, 16 GB RAM, 2 Tb SSD HD) running Win-
dows10. Base-calling was performed using Albacore
version 2.3.1. Adaptor trimming was performed using
Porechop [23] with default settings. This produced
694,955 reads of average length 9kb (range 2 bp-
66 kb). A summary of the long-read statistics is given in
Additional file 1: Table S1.

Long-read assembly

Long-read assembly was performed using Unicycler (v
0.4.6) running with default settings. Assembly of the
694,955 long reads produced 1702 LR contigs of aver-
age length 61kb (1.3kb-5.2Mb). This took 104 wall-
clock minutes (10.2 CPU hours) on a server. (All timings
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concordant counterpart SR-bins, with the exception of LR chromosome 5. Further details on individual LR chromosomes are reported in

in this paper were measured on a server with AMD
Opteron(TM) Processor 6274, 64 x 2.2 GHz, 512 GB
memory). A summary of the long-read contig statistics is
given in Additional file 2: Table S2.

DIAMOND options for long reads

This paper introduces two new features in DIAMOND
for use with error-prone long reads or contigs. First, the
program now provides a frame-shift mode that performs
frame-shift alignment of DNA sequences against a protein
reference database [12]. This feature is activated using the
command line option -F 15, which also sets the frame-
shift dynamic programming penalty to a specific value, in
this case 15.

Second, the program now provides the option to per-
form range-culling. This feature determines which align-
ments are reported to output. Without range-culling, the
program reports the most significant alignments for the
query, up to a given count or score, independent of their
position along the query. With range-culling, the deci-
sion whether to report an alignment is made locally. By
default, any alignment A found is reported, unless there
exists another alignment B that covers at least 50% of A
on the query and whose bit-score is significantly larger, by

defaulting requiring that the score of A is less than 90% of
the score of B. This feature is activated using the command
line options - -range-cullingand --top 10.

DIAMOND alignment
In preparation of running DIAMOND on the Unicy-
cler LR contigs, we downloaded the NCBI-nr database in
November 2018, obtaining 177.6 million protein reference
sequences. DIAMOND required about 1 h to initially
process the database.

DIAMOND was run on the set of LR contigs with the
following options: - -range-culling --top 10 -F
15 --outfmt 100 -cl -bl2 -t /dev/shm. The
program required 140 walk-clock minutes (81 CPU hours)
to align all 1702 LR contigs against the NBCI-nr database
and obtain 1.8 million alignments for 1695 contigs.

In comparison, running DIAMOND on the LR contigs
without using the long-read specific options take only 40
wall-clock minutes (15 CPU hours), but only finds 42,230
alignments, and is thus not useful in practice.

Frame-shift correction
In Fig. 2b, we illustrate how to correct frame-shift errors
in a given query DNA sequence, based on an alignment
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computed by DIAMOND in frame-shift mode. In a frame-
shift alignment, a ‘/” in the alignment transcript indi-
cates that the aligner inreased the current frame of the
query sequence by 1 at the given position, whereas a
‘\” indicates the current frame was increased by 1, as
in http://last.cbrc.jp/doc/lastal.html. To
perform frame-shift correction, in the former case, we
insert a single unspecified nucleotide ‘N’ into the query
sequence, whereas in the latter case, we insert two unspec-
ified nucleotides ‘NN’

To perform this correction on a long read or LR contig,
we greedily select a maximal set of non-overlapping align-
ments for the whole query and use this set for correction.
This is implemented in MEGAN.

MEGAN analysis and frame-shift correction

The output file of DIAMOND was prepared for anal-
ysis with MEGAN using the program daa-meganizer,
which is part of the MEGAN Community Edition suite,
version 6.13.1. The following command line options were
used:

--longReads --lcaAlgorithm
longReads --lcaCoveragePercent 51
--readAssignmentMode alignedBases
--acc2taxa prot_acc2tax-Nov2018X1l.abin

The first three options select MEGAN’s long-read anal-
ysis mode and sets the amount of aligned sequence to be
covered by a taxon during the LCA analysis to 51% [14].
The fourth option requests that the primary count asso-
ciated with each taxon is the number of aligned reads
contained in the contigs binned to that taxon. The final
option instructs the program to use the November 2018
mapping of NCBI accessions to NCBI taxa. This “mega-
nization” step took less than five wall-clock minutes (0.2
CPU hours).

A summary of the taxon bins obtained by MEGAN
analysis is given in Additional file 3: Table S3.

Frame-shift correction was performed on all LR
contigs using MEGAN’s Export Frame-Shift
Corrected Reads... menu item, and the resulting
sequences were saved into taxon-specific files, in just
over 2 min.

CheckM

The frame-shift-corrected bins were analyzed for their
completeness and contamination using CheckM (v1.0.12)
in lineage_wf mode. Data files for CheckM were
downloaded on 26.11.2018 from https://data.ace.uq.edu.
au/public/CheckM_databases. The full output of CheckM
is provided in Additional file 4: Table S4.

Prokka
We annotated the frame-shift-corrected bins using
Prokka (v1.12) in metagenome annotation mode without
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specifying taxa. The taxonomic database for this version
of Prokka is based on Rfam 1.12.

16S analysis
For all seven LR chromosomes, we extracted all 16S
sequences annotated by Prokka and performed taxo-
nomic classification of them using Silva [20], obtaining
the correspondence between the MEGAN assignments
and the Silva assignments (note that Ignavibacteriaceae
appears within the Chlorobi group in the NCBI taxonomy)
reported in Table 2.

All assignments were obtained using a threshold of 95%
identity, except for the case of bin B4, where a lower
threshold of 90% identity was needed to obtain an assignment.

Comparison with genomic references

For each of the seven LR chromosomes, we deter-
mined the reference taxon that occurs the most times
in DIAMOND alignments of the contig against NCBI-
nr. We then aligned the LR chromosomes to the
corresponding reference assemblies using Minimap2
[7] (v2.14-r883) with parameters -cx asm20 -t32
--secondary=yes -P. We found a significant level of
DNA similarity in three cases, which we summarize here
as dot plots (see Fig. 3). The other four LR chromosomes
did not align to their corresponding reference sequences
(less than 1% of the total chromosome covered by an
alignment), or, indeed, to any genome in the whole of
NCBIL

Repeat analysis

We used Minimap?2 to align all seven LR-chromosomes
against themselves with parameters -cx asml10 -t32
--secondary=yes -P to find repeated regions in
them. The option -c generates CIGAR strings in the
output, -x asmlo0 is a preset of parameters for com-
paring assemblies with up to 10% divergence, -t 32 sets
the number of threads, - -secondary=yes reports sec-
ondary alignments (by default Minimap2 reports only the
best alignment), and -P retains all chains and attempts
to elongate them. We then marked the positions that are
within alignments of length equal to or greater than 500
in a contig to itself as repeat regions.

In order to check whether the repeat rates obtained
for our contigs are typical for bacterial genomes, we
performed the same analysis on all complete bacterial
genomes in RefSeq (downloaded on 01.06.2018). Figure 4
suggests that the seven LR chromosomes have repeat-
rates that are similar to those observed for complete
bacterial genomes in RefSeq.

Additional short-read sequencing
To support the evaluation of the long-read contigs, we
performed additional short-read sequencing from the
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same sample. Genomic DNA library preparation was
performed using a modified version of the Illumina
TruSeq DNA Sample Preparation protocol. Sequencing
was performed on an Illumina HiSeq 2500 using a read
length of 301 bp (paired-end). The raw gDNA FASTQ
files were processed using cutadapt (v 1.14) in paired-end
mode (with default arguments except -overlap 10 -m
30 -g 20,20). We obtained 43,856,872 short reads in
total. Summary statistics for the short reads are provided
in Additional file 5: Table S5.

Break-point and coverage analysis using short reads

We aligned all short reads against the LR contigs using
Minimap2, with options -2 -f 0 -t 32 -F 10000
-ax sr --secondary=yes -N 10000. Then, con-
sidering each pair of reads, a valid clone, if the two
aligned reads have the correct orientation with respect
to each other and a distance below 800, we deter-
mined the clone coverage of each LR contig. Any stretch
of LR contig, for which the clone-coverage is zero, is
considered a potential break-point. We identified 11.
All but one of these are covered by multiple long
reads, and so we assume that they are not indicative
of a long-read assembly error. The coordinates of the
potential break-points are reported in Additional file 6:
Table S6.

A comparison of the SR-coverage and LR-coverage of
the 14 longest LR contigs reported in Table 1 yields a
strong positive correlation (Pearson’s R = 0.9988), see
Table 3.

LR contig polishing using short reads

In the case that short reads are available, polishing of
LR contigs using short reads will lead to a reduction of
frame-shift error. To investigate this, we used pilon [24]
(with minimap2 mapping of short reads to LR contigs as
described above) to polish the LR contigs using our short
reads. We then analyzed the polished LR contigs using
DIAMOND + MEGAN and frame-shift correction, as
described above. The resulting number of frame-shifts per
kilobyte of aligned sequence was 1.2 (standard deviation
1.6), compared to 6 for unpolished LR contigs.

Assembly of short reads

The 43.86 million short reads were assembled using
SPAdes-3.12.0 [25] (default parameters except -meta -k
21,33,55,77,99,127 -t 30). We obtained a total
of 539,404 short-read contigs (SR contigs) of at least
500 bp in length. See Additional file 5: Table S5.

Comparison of « diversity between short and long reads

To compare the a-diversity represented in the short reads
and SR contigs, on the one hand, and in the long reads
and LR contigs, on the other, we used the program
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metaxa2 [26] to extract and taxonomically bin 16S
sequences. We then computed the Shannon index based
on the genus-level bins. The values for the short reads,
SR contigs, LR reads, and LR contigs are 2.9, 3.9, 3.4, and
2.3, respectively. This indicates that the short-read dataset
captures more diversity than the long-read dataset.

Comparison of SR contigs and LR chromosomes

To verify the correctness of the seven LR chromosomes,
we aligned them against the set of SR contigs using Min-
imap2, as described above in the section on repeat analy-
sis, and present the results using dot-plots in Fig. 5. These
plots indicate a perfect concordance between the LR chro-
mosomes and corresponding SR contigs. (What appear
to be breaks in four of the diagonals are artifacts due to
“wraparound” in the circular chromosomes.)

For each of the seven LR chromosomes, we aligned
all corresponding SR contigs against the corresponding
reference genomes using Minimap2 (as described above)
and find significant alignments only for SR contigs cor-
responding to the LR chromosomes 1, 2, and 5. This
supports the conclusion that only three of the LR chromo-
somes are present in the current reference databases.

Metagenomic binning of short-read assembly

Genome binning was performed on all SR contigs that
were at least 2kb in length using MetaBAT [27] (v2.12.1,
using default parameters). This was followed by bin eval-
uation using CheckM (v1.0.11) (default parameters except
lineage_wf -t 29). This gave rise to 80 bins, of
which 21 (26%) fulfill the definition of “high quality” and
14 (18%) are considered “medium quality” [15]. We per-
formed a CheckM analysis of these bins, and the result is
reported in Additional file 7: Table S7.

We screened for 16S genes within the SR contigs using
the USEARCH [28] module --searchlé6s (v 10.0.240,
64 bit), and annotated these sequences using Silva.

In addition, for ease of comparison with the long read
results summarized in Table 1, we also performed DIA-
MOND + MEGAN taxonomic binning of the SR contigs
(using the same parameters as for the LR contigs, but
without frame-shift correction), followed by CheckM
analysis, and present the results in Additional file 8:
Table S8.

Measuring the concordance between SR bins and LR
chromosomes

Here, we introduce the concordance score, which provides
a measure of concordance between SR bins and LR con-
tigs. In more detail, we used BLASTN [29] (version 2.4.0+,
default parameters) to align all SR contigs (as queries)
against all LR contigs (as subjects), retaining only the best
hit for each pair of sequences. Based on this, for each SR
bin and LR contig, we computed four scores:
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Table 3 Comparison of LR and SR coverage
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Bin MEGAN assignment Completeness GC LR SR
longest contig (%) content (%) coverage coverage

B1 Bacteroidetes bacterium OLB12 95 436 573 1175
B2 Candidatus Accumulibacter SK-02 94 613 384.2 707.8
B3 Chlamydiia (class) 94 382 488 1076
B4 Gammaproteobacteria (class) 93 405 25.1 56.2
B5 Bacteroidetes bacterium OLB8 93 412 52.1 109.9
B6 Rhodospirillales (order) 92 636 295 56.1
B7 Chlorobi bacterium OLB5 88 381 387 90.2
B8 Thauera (genus) 14 689 32.7 60.5
B9 Sphingobacteriales bacterium 44-15 0 40.6 10.2 232
B10 Bacteroidetes (phylum) 32 435 14.1 27.7
B11 Candidatus Contendobacter B J11 19 62.6 154 223
B12 Betaproteobacteria (class) 10 629 37.1 66.0
B13 Nitrospira (genus) 27 604 176 28.7
B14 Chloroflexi (phylum) 8 518 133 189

For the longest contigs in each of the 14 bins reported in Table 1, we report the completeness as determined by CheckM, the average CG content, the average long-read

coverage, and the average short-read coverage

e The average ratio of the alignment length to the
length of the SR contig,

e The average sequence identity reported by BLASTN,

e The proportion of the LR contig that is covered by
aligned SR contigs, and

e The proportion of the SR contigs in the bin that are
aligned on the LR contig.

The concordance score « is then defined as the mean
of these four values. So, for a given LR contig, if we
select an SR bin whose concordance score k is close
to 1, then that bin will consist mostly of contigs that
tile the LR contig at a high level of sequence identity.
We also use x to measure the concordance between
the contigs of a reference genome assembly and a LR
chromosome.

Comparison of SR bins and LR chromosomes
LR chromosome 1 is contained in the MEGAN taxonomic
bin labeled Bacteroidetes bacterium OLB12. This LR chro-
mosome is tiled by contigs from SR bin 52 (a medium
quality “metagenome-assembled genome” (MAG), with a
concordance score of k = 0.88), and from SR bin 3
(k = 0.84), which cover the first third and second
two-thirds of the LR chromosome, respectively. SR bin 52
is annotated by CheckM to UID2570, which is selec-
tive for members of phyla Chlorobi, Bacteroidetes, and
Ignavibacteriae, and thus taxonomically ambiguous. See
Additional file 10: Figure S2a.

LR chromosome 2 is contained in the MEGAN taxo-
nomic bin labeled Candidatus Accumulibacter sp. SK-02,

and is tiled by contigs in SR-bin 32 (high quality MAG,
0.97). CheckM annotates this to lineage marker
set UID3971, which is selective for Accumulibacter,
Dechloromonas and Azospira, all contained in the Order
of Rhodocyclaceae. See Additional file 10: Figure S2b.
Examination of the alignments between LR chromo-
some 1 and the closely related SR-bin 31 (¢« = 0.76)
shows that the contigs from SR-bin 31 fill a major gap
in the coverage of LR-chromosome 1 by the members of
SR-bin 32. See Additional file 10: Figure S2c. This sug-
gests that SR-bin 32 and SR-bin 31 should be a single bin.
The closest reference genome identified by MEGAN-LR
is GCA_000584975.1 (Candidatus Accumulibacter sp. SK-
02), with x = 0.90.

LR chromosome 3 is contained in the MEGAN-LR tax-
onomic bin labeled Chlamydiia and is covered by contigs
from SR-bin 35 (high quality MAG, k = 0.98). SR bin
35 is annotated by CheckM to UID2982, which selects
for members of phylum Chlamydiae and phylum Verru-
comicrobia. We confirmed that LR chromosome 6 (and
SR bin 35) are members of phylum Chlamydiae using a
Minimap2 alignment against all extant reference or draft
genomes in the PVC superphylum (data not shown). See
Additional file 10: Figure S2d.

LR chromosome 4 is contained in the MEGAN-LR tax-
onomic bin labeled Gammaproteobacteria and is covered
by contigs from SR-bin 43 (high quality MAG, x = 0.97),
which is annotated to Gammaproteobacteria by CheckM
via UID4266. See Additional file 10: Figure S2e.

LR chromosome 5 is contained in the MEGAN-LR
taxonomic bin labeled Bacteroidetes bacterium OLBS, is

K =
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aligned to by SR-bin 66 (high quality MAG, x = 0.98),
which is annotated to Bacteroidetes by CheckM via
UID2591. See Additional file 10: Figure S2f.

LR chromosome 6 is contained in the MEGAN-LR
taxonomic bin labeled Rhodospirillales. This LR chromo-
some is tiled by contigs from SR-bin 23 (high-quality
MAG, k = 0.95), which is annotated to the order of
Rhodospirillales by CheckM. SR-bin 23 contains a full
length 16S sequence, which Silva assigns to the genus
Defluviicoccus (a member of order Rhodospirillales). See
Additional file 10: Figure S2g.

LR chromosome 7 is contained in the MEGAN-
LR taxonomic bin labeled Chlorobi bacterium OLB5.
While there is a good coverage of this LR chromo-
some by SR contigs, these are not contained in any
SR-bin identified by MetaBAT. The closest reference
genome, GCA_001567546, has a k value of only 0.36. See
Additional file 10: Figure S2h.

Additional files

Additional file 1: Table S1. Summary of LR read data. (TXT 1 kb)
Additional file 2 : Table S2. Summary of LR contig data. (TXT 1 kb)

Additional file 3: Table S3. Summary of LR contig taxonomic bins
computed using DIAMOND + MEGAN-LR. (TXT 5 kb)

Additional file 4: Table S4. CheckM results for all 106 LR contig
taxonomic bins. (TXT 24 kb)

Additional file 5: Table S5. Summary of short-read data. (TXT 1 kb)

Additional file 6: Table S6. Potential break-points in seven LR
chromosomes, inferred as locations that have no short read clone
coverage. (TXT 2 kb)

Additional file 7: Table S7. Summary of short-read assembly binning
using MetaBAT. (TXT 7.94 kb)

Additional file 8: Table S$8. SR assembly statistics and CheckM results for
14 taxonomic bins. (PDF 35.7 kb)

Additional file 9: Figure S1. Using Minimap2, we aligned all SR contigs
against all LR reads and LR contigs. Here, we show, for a given level of
average coverage of a SR contig by short reads, how many bases of the
SR-contigs align to long reads only (“in LR"), or to LR contigs (“in LR
contigs”), or not ("not in LR"). There are 221 SR contigs that have a coverage
greater than 150 but are not shown in the plot. They cover 5.3 Mb in total,
of which 49.6% is aligned to long reads and 50.4% to LR contigs. (PDF 20 kb)

Additional file 10: Figure S2. Concordance statistics for SR contigs
against LR chromosomes. In each plot, the LR chromosome is represented
by the x axis, and the five panels, from top to bottom, represent: (A) the
locations of alignments to the LR chromosome, (B) the corresponding
percent identity, (C) the alignment-length to query-length ratio, (D) the
alignment length and (E) the query length. The colors red and black are
used to distinguish between alignments to different SR-bins or reference
genomes, as described in the text. (PDF 72 kb)

Additional file 11: Figure S3. Plot of LR contig length vs concordance

score «; highlighting pairs of LR chromosomes/contigs and SR bins or
references that show high levels of concordance. (PDF 378 kb)
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Appendix III

This article is licensed under a Creative Commons Attribution 4.0 International License,
which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes were made. The
images or other third party material in this article are included in the article’s Creative
Commons licence, unless indicated otherwise in a credit line to the material. If material is
not included in the article’s Creative Commons licence and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain per-
mission directly from the copyright holder. To view a copy of this licence, visit|. The Cre-
ative Commons Public Domain Dedication waiver (http://creativecommons.org/
publicdomain/zero/1.0/) applies to the data made available in this article, unless

otherwise stated in a credit line to the data.
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Background

The Oxford Nanopore MinION USB sequencing device, the MinIT USB base-calling
device and advances in lab-on-a-chip technologies allow sequencing to be taken into
field [1]. With ever rising sequencing yield and continuously growing reference databases,
the computational analysis of such data is challenging, and much work is being done to
address this efficiently, usually on a server or using cloud computing [2, 3]. Modern lap-
tops provide a lot of computational power, main memory and fast access to SSD storage,
and thus it should be possible to perform detailed analysis of microbiome sequencing data
in the field, on a laptop.
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In this paper, we present a new program called MAIRA (mobile analysis of long
reads) for analyzing long metagenomic reads on a laptop, without requiring exter-
nal resources. The program first performs fast genus-level analysis in real time,
and then also performs detailed species-level taxonomic and functional analysis.
The latter refers to basic analysis of antibiotic resistance potential [4] and virulence
factors [5].

We envision this software being used by researchers in the field, when access to servers
or cloud facilities is difficult [6], or by individuals that do not routinely use such facil-
ities, such as medical researchers, crop scientists, or teachers, say. The program is able
to analyze sequencing data in real-time and thus may be applicable in time-critical
applications.

Following the approach established in [7, 8], we base the taxonomic and functional
alignment of metagenomics sequencing reads on the alignment of the reads against a
protein reference database; here we use all bacterial proteins in RefSeq [9].

There are three main challenges.

1  Current long reads contain many erroneous insertions and deletions, causing
frame shifts that disrupt translated alignments and result in very poor performance
of methods such as BLASTX [10].

2 The alignment of gigabases of sequencing reads against a reference database
containing on the order of one hundred million reference proteins requires
substantial computational resources, despite major advances [11, 12].

3 For many applications, such as the assessment of antibiotic resistance or virulence,
say, it is crucial to link the associated genes to specific organisms.

Here we describe a new open source program called MAIRA that addresses these three
main challenges.

Implementation
Challenge 1 can be solved using a frame-shift aware alignment tool [13], and MAIRA
supports the use of LAST [11], but also contains a new, built-in frame-shift aligner
called ELLA (manuscript in preparation). To address Challenge 2, the program performs
a fast online genus-level analysis, whereas a more detailed analysis can be computed
on-demand, for selected genera of interest. To address Challenge 3, we introduce the con-
cept of a protein synteny graph (manuscript in preparation) whose nodes represent gene
families and whose edges reflect synteny.

MAIRA is a standalone computer program for analyzing sequencing reads from a
mobile sequencing device or long reads from other sources. MAIRA is written in Java
and runs on all three major operating systems. The program is designed to be used

interactively, however a command-line mode is also provided.

Online and on-demand

Initial analysis is performed “online” in the sense that sequencing reads are processed
incrementally in batches, in real-time, as they become available. The displayed results
are updated after completion of genus-level analysis of each batch. Detailed analysis is
performed “on-demand” in the sense that the user may select or prioritize the genera to

be analyzed in detail, so as to focus the laptop’s computational resources on the analysis
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of specific organisms of interest. The displayed results are updated after completion of
the analysis of each batch.
We will now discuss the main workflow of MAIRA, summarized in Fig. 1.

Input

The input consists of files of sequences in FastA or FastQ format. Input can be specified
as a single file or a directory of input files. All reads are then loaded and processed by the
program in batches. Alternatively, one can specify a “monitor directory” that the program
will periodically inspect to determine whether any new files of reads are available, which
are then processed in batches. In particular, when sequencing with a MinION and run-
ning a MinIT to perform base-calling, the MinIT can write FastQ files onto its local hard
drive, which can be accessed remotely from a laptop and MAIRA will load its input from
there.

Genus-level alignment and analysis

As indicated in Fig. 1a, MAIRA processes incoming reads in batches (by default, 10,000
reads per batch). These reads are aligned against a precomputed database of genus-
marker genes, currently representing 2,418 genera, based on the bacterial RefSeq protein
database.

Frame-shift aware DNA-to-protein alignment is performed either using LAST [11] or
the built-in alignment tool ELLA (manuscript in preparation). For aligning reads against a
database both aligners use a frame-shift penalty of 15 and a multiplicity value of 10 (for the
marker database) and 50 (for genus-specific databases, see below), respectively. ELLA is
written in Java and uses the same algorithmic approach as LAST. It has similar specificity
and sensitivity, but is about 2.5 times slower. We have implemented and incorporated
ELLA so as to make MAIRA completely self-contained and platform-independent.

Sequencing device
Species,
resistance and
virulence profiles

(eﬁ
(a) (d) )
Protein Protein Protein
Batches. y Balches ' Batches graph
alignment alignment :
analysis
@b) ﬁ

<y

© Genus

Genus profile protein
L))

Fig. 1 MAIRA workflow. In an online manner, a batches of long reads obtained from a sequencing device are
subjected to protein alignment against a precomputed database of genus-specific marker genes. Based on
this, b the list of detected genera is updated in real-time. € Substantial evidence for the presence of a specific
genus triggers d batch-wise protein alignment against a full database of proteins associated with the genus.
Based on this, a protein graph is updated and used to perform species and-strain level analysis of the long
reads, including the identification of antibiotic resistance and virulence factors

Long
reads
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The marker database that we provide for download contains 9,434,634 marker genes.
All results presented in this paper were obtaining using this database.

The database was precomputed from data downloaded from RefSeq in February 2019,
comprising 142,092 bacterial genomes in 2,420 different genera. For each genus, we first
constructed a graph whose nodes are proteins and any two nodes v and w are connected
by an edge from v to w, if the two protein sequences have a similarity of > 90% and if v
covers at least 90% of w, using DIAMOND [12] in BLASTP mode.

A set of candidate marker genes was then computed by greedily determining a mini-
mum dominating set of nodes, that is, a subset of nodes D such that every node of the
graph is either contained in D, or is adjacent to some node in D. We then turned each
candidate set of proteins into a set of genus representative proteins. This was done by
aligning all pairs of candidate sets from different genera against each other using DIA-
MOND, applying an identity threshold of 80% and a coverage threshold of 80%, so as to
detect and remove proteins that are not unique to a single genus.

Based on these sets of representative proteins, we then computed the marker database.
Using the graph described above, we first removed all nodes that are not associated
with a representative protein. Next, we greedily selected a minimum set of nodes so
that all genomes are covered by a fixed minimum number of proteins, namely 1000, 500
or 100, for each of the large, medium or small database, respectively. Here, a genome
is considered covered by one of its proteins v, if v is selected, or if v is adjacent to a
selected node.

This resulted in 9,434,634 genus-specific marker proteins that represent 2,418 genera,
with a median of 1,121 (mean 3,903) marker proteins (s.d. 10,588). There are 4 genera that
contain less than 100 proteins and there are 6 genera that contain more than 100,000 pro-
teins, with Bacillus (205,864), Streptomyces (194,850), and Lactobacillus (158,640) having
the largest counts.

While aligning reads against the genus-marker database, for each genus G, we maintain
and report a presence score p that heuristically seeks to approximate the probability of
genus G being present in the sample. This is calculated as follows: First, each marker
protein v associated with G is given a weight o (v) = %, where 7 is the average number
of marker proteins over all genomes that either contain the marker protein v itself or a
similar one (both, similarity and coverage > 90%). The presence score for G is then given
by the sum of weights of all marker proteins for G to which a read has been aligned to.

The genus-level analysis of the content of the sample being sequenced is summarized on
atree in the main window of the program. Within minutes, the program will provide a first
crude estimation of the genus-level content of the sample being sequenced (or read from
an input file). With the completion of genus-level analysis of each batch, this summary is
updated.

Species-level alignment

The above described genus-level analysis is designed to provide a very quick taxonomic

analysis of long read sequencing data, akin to traditional 16S rRNA taxonomic profiling.
In addition, the program is able to perform an in-depth, protein-alignment-based

taxonomic and functional analysis of the incoming reads, in batches. To save computa-

tional resources, the in-depth analysis is performed on demand, for a specified subset

of taxa.
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In more detail, using the bacterial RefSeq protein database, for each genus we pooled all
proteins that either correspond to the genus itself, or to an ancestor or descendant taxon.
We obtained a set of 2,420 genus-specific databases, each containing an average of 43,849
proteins (median 6,310, s.d. 251,520).

Batches of incoming reads (Fig. 1d) are aligned against the reference databases for all
genera that have been “activated” (Fig. 1c), either explicitly by the user, or automatically,
because their presence score has exceeded the activation threshold (80%, by default). The
program tracks all batches of reads and ensures that each batch of reads will eventually
be compared against every activated genus-specific database, independent of when the
batch of reads was loaded into the program or when the genus was activated.

Protein synteny graph

The alignments computed during species-level analysis are used to build a protein syn-
teny graph PSG. In this graph, each node represents a protein gene family. Gene families
are defined as follows: The alignments produced from the genus specific databases for
each long-read are pooled together, and filtered by the coverage of the reference pro-
tein (default: 80%), the percentage of positives in the alignments (default: 60%), and the
raw-score of the alignment (default: 100). The alignments that stack (at least 2/3 of the
smaller alignment overlapping with the longer alignment) at different loci are then binned
together so as to obtain gene families. These bins are represented as protein nodes in the
graph. Each such protein node v is annotated by the set 7(v) of all taxa and functional
classes associated with members of the gene family.

A protein node is placed into the graph, if there exists a sequencing read that aligns to
a gene sequence in the corresponding family. Two such nodes v and w in the graph are
joined by an undirected edge {v, w} if the two corresponding gene families appear next to
each other in some sequencing read. Each edge e is annotated by the set p(e) of all such
reads.

Let ¢ be a taxon. The taxon-specific induced protein synteny graph PSG]; is given by the
set of all protein nodes v whose annotation contains the taxon ¢, that is, for which ¢ € (v)
holds, together with all other nodes that lie between them in the graph along some read.
Any two nodes in the resulting graph are connected by an edge, if and only if they were in
the original graph.

Taxonomic analysis

Using these concepts, we declare a taxon ¢ to be present in the sample, if the corre-
sponding induced graph PSG|; contains enough nodes. In more detail, we define the
naive completeness score k(t) as the number of nodes in the induced graph divided by
the median number of proteins present for the same or (a similar) taxon in the RefSeq
database. A taxon is considered present, if its completeness score exceeds a specified
threshold (80%, by default).

We further compare all induced graphs to all others that are above the detection criteria,
and eliminate those that are largely contained within the induced graph of another taxon
(default: 85% of the nodes), without containing the same percentage of the nodes from
the other itself. We do this in order to eliminate false-positive taxa that can still produce
highly connected and complete subgraphs due to partial but not complete similarity to
the true positive taxon.

Page 5of 12
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Antibiotic resistance and virulence analysis

To identify potential antibiotic resistance genes, we use information from the com-
prehensive antibiotic resistance database (CARD) [4] to annotate nodes that represent
resistance-associated genes. Similarly, to identify potential virulence factors, we use
information from the virulence factor database (VFDB) [5] to annotate nodes that
are considered virulence factors. For a given taxon ¢, we report all CARD and VFDB
annotations present in the induced graph PSG|;.

Results

We demonstrate the use of the program using three datasets.

Nanopore mock community

The Nanopore mock community published in [14] consists of 3,491,078 long reads with
an average length of 4,012 bases, sequenced on a GridION. The source consists of eight
bacterial strains and two yeast strains.

We ran our pipeline on 25 batches of 10,000 reads each, using both LAST and ELLA.
In both cases, MAIRA correctly determined all 8 present genera of bacteria after the
third batch (requiring 5 minutes using LAST and 11 minutes using ELLA). Both aligners
also resulted in false-positive identification of 2 genera after the third batch: Enterobacter
and Shigella. Another false-positive Citrobacter also passed the default genus detection
threshold of 0.8 for the 15-th batch for ELLA and 11-th batch for LAST (see Fig. 2a).

Running the species-level analysis to completion on 25 batches required 9% hours using
LAST and nearly 26 hours using ELLA. All eight true-positive species were identified with
strong signal (completeness >90%) using both aligners after the end of the 4-th batch,
after one hour for LAST and three hours for ELLA; and their scores thereafter remained
constant.

MAIRA identified one false-positive species, Bacillus amyloliquefaciens, using both
aligners. Its completeness score, however, stayed below 0.75 using ELLA and 0.85 using
LAST (see Fig. 2b). We report the coverage of genomes in Fig. 2c.

Genus Detection using ELLA Species Detection using ELLA Coverage Assessment using ELLA

Fig. 2 Performance on mock community. a The presence score for true positive (green) and false positive
(red) genera as a function of computation time and number of reads processed. The blue line indicates the
threshold used to deem a genus “present”. b The completeness of true positive (green) and false positive
(red) species as a function of computation time and number of reads processed. The blue line indicates the
threshold used to deem a species “present”. ¢ The coverage of species, as a function of time and number of
reads processed
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Running the software on further batches eventually produces one more false positive

genus Klebsiella.

Simulated pathogen mock community

We now consider the simulation of a pathogen mock community. We simulated an
even community consisting of ten different bacterial species, each represented by 10,000
simulated Nanopore reads generated using NanoSim [15]. The ten source genomes corre-
spond to the components of a commercially available metagenomic mock community for
pathogen detection called ATCC® MSA-4000™. This consists of 11 strains of 10 species
in eight different genera. The genome sequence of one of the strains (ATCC BAA-1718)
is very fragmented (174 contigs) and so we excluded it from our study.

Complete analysis of all 100,000 simulated long reads took slightly over six hours using
MAIRA and LAST. The approach correctly determined all eight genera at the end of the
7-th batch, while indicating two incorrect genera, Shigella and Enterobacter. The species-
level analysis resulted in identification of all 10 species present, while indicating three
incorrect species, Staphylococcus mitis, Streptococcus pseudopneumoniae and Streptococ-
cus oralis. Note that the dataset contains multiple strains of both Staphylococcus and
Streptococcus.

To assess the ability of MAIRA to correctly determine the presence of CARD or VFDB
genes, for both functional classifications, we aligned the set of their reference proteins
against all coding sequences (CDSs) in the source genomes, using DIAMOND [12]. Then,
for both classifications, any protein that aligned to a CDS with a percent positives of >
80% and a reference coverage above > 90% was considered an actual positive.

For each species, MAIRA recovered almost all actual positives for both CARD and
VFDB, with mostly low numbers of false positives, see Table 1.

Carbapenemase-producing gram-negative bacteria isolates

The long read dataset published in [16] consists of 110 MinION long read sequencing
datasets, of which we were able to download 109 (sample ERR2797062 could not be
found). These datasets were sequenced from 58 Klebsiella pneumoniae, 28 Escherichia
coli, 13 Pseudomonas aeruginosa, and 10 Acinetobacter baumannii isolates. The authors
report that 63 isolates are suspected to have carbapenemase resistance, 34 have other
types of antibiotic resistance, and indicate that they failed to produce evidence for
antibiotic resistance in 13 isolates.

We ran MAIRA on the first 10,000 reads of each sample (or all reads, where there were
less than 10,000). It took about one minute per sample to complete genus-level analysis
using MAIRA and LAST.

For all 109 samples, MAIRA reports the correct species and no false positives. However,
the initial, fast genus-level analysis did report some false positive genera. For example,
in the case of Klebsiella pneumoniae, three false positives were listed. None of the false
positive genera were confirmed by the species-level analysis. The full running time varied
between five and 20 minutes per sample, depending on the organism.

In order to determine carpabanem-resistance of isolates, we checked for CARD ontol-
ogy terms with annotation confers_resistance_to: ARO:0000020 and found homology-
based evidence of resistance in 102 isolates with varying ranges of support. The number
of reads covering resistance genes ranged from 1 to 35.
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Table 1 Assessment of CARD and VFDB hits reported by MAIRA

Organism Classif. TP (CDS) FN (CDS) TP (Term) FP (Term) FN (Term)
Acinetobacter baumannii CARD 25 3 145 6 65
VFDB 31 9 31 0 10
Enterococcus faecalis CARD 22 5 24 2 26
VFDB 23 3 23 0 5
Escherichia coli CARD 69 6 81 22 22
VFDB 102 27 123 0 36
Klebsiella pneumoniae CARD 63 7 85 20 282%
VFDB 33 8 34 0 8
Neisseria meningitidis CARD 15 1 16 1 5
VFDB 31 8 30 0 12
Pseudomonas aeruginosa CARD 55 15 87 7 38
VFDB 19 16 119 0 22
Staphylococcus aureus CARD 27 2 32 2 7
VFDB 57 5 55 0 5
Streptococcus agalactiae CARD 4 7 4 4 20
VFDB 31 0 32 0 1
Streptococcus pneumoniae CARD 17 1 19 8 14
VFDB " 2 " 0 4
Streptococcus pyogenes CARD 4 8 4 4 16
VFDB 29 1 29 0 3

For all ten bacterial species present in a simulated pathogen mock community, we report the number of true postives (TP), false
positives (FP) and false negatives (FN), based on the coding sequences (CDS) in the source genomes, and based on the terms
reported (Term). (¥) The large false negative value for CARD terms reported for Klebsiella pneumoniae is based on a single CDS that
is annotated with over 250 different CARD terms (WP_004176269.1) and thus gives an exaggerated impression

Discussion

In Fig. 3 we show a screen shot of the user interface. The user sets up an analysis using the
dialog shown at the bottom left. The program then processes the given data in batches,
frequently updating the tables and trees that represent the taxonomic and functional anal-
ysis of the data. The user can interactively explore the taxonomic and functional analyses
(CARD and VFDB), can export all tables and trees in different formats, save and reopen
the analysis.

With MAIRA, we intend to provide a powerful and accurate, standalone long read
analysis software that runs on a laptop and can be used in the field. The use of a com-
prehensive protein reference database ensures wide applicability of the software. The two
step approach, light-weight genus-level analysis, followed by on-demand species-level
analysis of selected genera, allows the user to interactively control how the computational
resources of the laptop are used.

The presented results suggest that the software is able to perform analysis of real data in
acceptable running time and with very good accuracy. Alternative approaches currently
rely on the use of servers or cloud resources to perform detailed analysis.

MAIRA is a general purpose tool. Moving forward, we intend to add special purpose
modules that are dedicated to specific applications, such as the detection of specific
pathogens. Moreover, antibiotic resistance is a complex question that is not adequately
addressed by the tool at present. In future work, we intend to also consider DNA align-
ments of resistance-related genes to perform a more detailed analysis. Future versions
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Fig. 3 MAIRA user interface. During processing of an input file or directory, MAIRA provides an overview of
the genera, species and functional classes discovered so far. The user can explore and download results while
they are being produced, so as to allow insights into the processed sequences

of the program will use locality of resistance genes and virulence factors in the protein
synteny graph to provide more meaningful results.

Initial genus-level analysis performed by MAIRA is very fast and can be applied
online during sequencing. Detailed, species-level analysis on individual genera is also fast
enough to keep pace with a current MinION+MinIT sequencing setup. Complete analy-
sis of one Gb of long read data requires about 10 hours using LAST and can be considered
comfortably doable on a laptop.

One current limitation is that MAIRA focuses on identifying genera and species. Mov-
ing forward, we plan to lift this restriction so that assignments can be made to higher
level taxonomic ranks, as well. Another limitation is given by the choice of reference
databases. In this paper we describe the use of bacterial RefSeq, and the use of this
database will avoid false positive identifications. If false negative results are to be avoided,
then the use of the more comprehensive, but less curated, NR database may be more
appropriate.

The data analysis presented here suggests the current algorithm for performing a fast
genus-level analysis tends to yield false positive genera that are then not subsequently
confirmed by the detailed species-level analysis. This indicates that there is room for
improving the accuracy of the fast genus-level analysis and we will address this in future
work.
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Comparison with centrifuge

In order to further evaluate the performance of MAIRA, we compared it to Centrifuge
[17], which is the backend for the real-time analysis software WIMP [18], developed by
ONT. Centrifuge is designed to work with nucleotide databases on a server. We designed
our evaluation so as to simulate a common obstacle in metagenomics, namely that the
organism to be identified is not present in the reference databases. For this, we extracted
genome assemblies from RefSeq that were published before 2016, and built MAIRA
databases for them, as explained above. For Centrifuge, we were only able to build an
index for the subset of complete assemblies, as using all assemblies produced an out-
of-memory error on a server with 600GB of RAM. Also, the pre-built NCBI-nt index
obtained from the Centrifuge website produced the same error.

We used NanoSim to collect 20x long reads on each of 100 different genomes available
after 2016. These genomes were selected so as to equally cover four different categories,
reflecting what information is available for the corresponding MAIRA and/or Centrifuge
indices.

The 4 categories are: (a) no information at species level for MAIRA or Centrifuge; (b)
no information at species level for Centrifuge, some for information for MAIRA from
incomplete assemblies; (c) only one genome from the species for both MAIRA and Cen-
trifuge; and (d) more than 15 genomes from the species for both MAIRA and Centrifuge.
Species assignment accuracy was based on the top 10% of the scores of each tool (top 10%
completeness for MAIRA, top 10% number of reads assigned for Centrifuge).

For category (a), MAIRA reported a false species in 5 cases, and did not report any
assignment in the other 20; whereas Centrifuge reported a false assignment for all 25
genomes. For category (b), MAIRA reported the true assignment in 22 cases, failed to
assign a species in 3 cases, and reported an additional species in 5 cases; whereas Cen-
trifuge again reported a false assignment in all 25 cases. For category (c), MAIRA failed
to identify the species in 3 cases, while Centrifuge failed in one case. MAIRA reported 4
false positives, while Centrifuge reported one false positive. For category (d), Centrifuge
reported only the true positive species in all cases, whereas MAIRA failed to identify 4,
and reported a false positive for one case.

In summary, Centrifuge shows better performance in the ideal case that the sequenced
genomes are present in the reference DNA database. However, in the more realistic sce-
nario in which the sequenced genomes are not present in verbatim in the reference
databases, MAIRA shows better performance. Moreover, an added benefit of MAIRA is
that it also provides a functional analysis, which Centrifuge does not attempt.

Conclusions

This paper demonstrates that laptop-based analysis of sequencing reads from mobile
sequencing devices is possible and this should extend the range of mobile sequencing. As
an easy-to-install, standalone application that runs on all three major operating systems,
MAIRA provides a complete analysis solution that does not require access to additional
computational resources.

Beyond the practical uses of the software, this work illustrates that protein-alignment-
based analysis can be performed in real-time on a laptop, that an on-demand design
allows a user to direct their computational resources to species of interest, and it shows
that the protein synteny graph is a useful concept for the analysis of long reads. Moreover,
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while designed for running on a laptop, the command-line version can also be run on a
server, where the user can also benefit from its efficient design.

We believe that this type of software may play an important role in practical pathogen
detection in the future [19].
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Abstract

Microbial studies typically involve the sequencing and assembly of draft genomes for individual microbes or whole microbiomes.
Given a draft genome, one first task is to determine its phylogenetic context, that is, to place it relative to the set of related reference
genomes. We provide a new interactive graphical tool that addresses this task using Mash sketches to compare against all bacterial
and archaeal representative genomes in the Genome Taxonomy Database taxonomy, all within the framework of SplitsTree5. The
phylogenetic context of the query sequences is then displayed as a phylogenetic outline, a new type of phylogenetic network that is
more general than a phylogenetic tree, but significantly less complex than other types of phylogenetic networks. We propose to use
such networks, rather than trees, to represent phylogenetic context, because they can express uncertainty in the placement of taxa,
whereas a tree must always commit to a specific branching pattern. We illustrate the new method using a number of draft genomes
of different assembly quality.

Key words: phylogeny, genomes, k-mers, phylogenetic networks, algorithms, software.

Significance

Metagenomic sequencing allows the construction of draft genomes of unknown microbial species. There is a need for
tools that make it easy to determine the possible taxonomic identity of such a genome. Here, we provide a fast and
interactive software for computing the “taxonomic context” of a draft genome that is represented as a novel
"“phylogenetic outline.”

Introduction by a reduced “sketch” and such sketches are compared using
the Jaccard index and derived distance measures that approx-
imate average nucleotide identity (ANI).

The Genome Taxonomy Database (GTDB) (Parks et al.
2020) provides a similarity-based taxonomy for 195,000
bacterial and archaeal genomes obtained from the NCBI as-
sembly database (Kitts et al. 2016). A representative subset of
~32, 000 reference genomes is provided for taxonomic anal-
ysis and the GTDB-tk tool kit provides associated analysis tools
(Chaumeil et al. 2019).

Here, we propose to compute a Mash sketch for each
representative reference genome in the GTDB, and to assign

In the study of microbes using sequencing, assembly, and
contig binning, one important task is to calculate the
“phylogenetic context” of a given draft genome, contig, or
bin of contigs. This requires that we first determine which
known microbes have similar sequences to the query, and
then produce a suitable indication of the phylogenetic
relationships.

Pairwise distances between genome-scale sequences can
be quickly calculated using k-mer methods such as Mash
(Ondov et al. 2016). In this type of approach, the k-mer con-
tent (words of a fixed length k) of a sequence is represented

© The Author(s) 2021. Published by Oxford University Press on behalf of the Society for Molecular Biology and Evolution.
This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial License (https://creativecommons.org/licenses/by-nc/4.0/), which permits
non-commercial re-use, distribution, and reproduction in any medium, provided the original work is properly cited. For commercial re-use, please contact journals.permissions@oup.com
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a Bloom filter (Bloom 1970) to each internal node of the tax-
onomy so as to represent the set of all k-mers present in
reference genomes below the node (Solomon and
Kingsford 2016; Pierce et al. 2019). For a given set of query
sequences, this will allow one to determine all similar refer-
ence genomes quickly enough for use in an interactive pro-
gram. Mash can then be used to compute a distance matrix
on the query and (a subset of) all sufficiently similar
references.

Given such a matrix of pairwise distances, one option is to
compute a phylogenetic tree to represent the data, using an
algorithm such as neighbor-joining (Saitou and Nei 1987).
Phylogenetic trees are often used to represent such data, be-
cause evolution is assumed to be predominantly driven by
speciation events. In addition, phylogenetic trees have low
complexity, employing only a linear number O(n) of nodes
and edges to represent n taxa.

However, in the evolution of microbes, reticulate
events, such as horizontal gene transfer and recombina-
tion, may play a significant role (Huson et al. 2010). In
addition, when using k-mer features and distance-based
phylogenetic methods, the accuracy of the resulting phy-
logenetic trees may be poor. Hence, the use of phyloge-
netic networks, rather than phylogenetic trees, can be
more appropriate.

Azospirillum doebereinerae GSF71

Azospirillum lipoferum R1C

Azospirillum sp. TSO22-1

Azospirillum halopraeferens DSM 3675\‘

Rhodospirillum centenum SW SW;ATCC 51521

Magnetospirillum sp. LBB-42

Telmatospirillum sp. J64-1

Oceanibaculum pacificum MCCC 1A02656

One popular approach to obtaining a phylogenetic net-
work (Huson and Bryant 2006) is to apply the neighbor-net
algorithm (Bryant and Moulton 2004) on the distances and to
represent the output as a splits network (Dress and Huson
2004), requiring O(n*) nodes and edges, in the worst case.

Here, we present a new type of phylogenetic network that
we call a “phylogenetic outline” (fig. 1). A phylogenetic out-
line is also computed from the output of the neighbor-net
algorithm and has the mathematical properties of a splits net-
work. It displays all the calculated splits, but uses substantially
fewer nodes and edges to do so. Indeed, phylogenetic out-
lines are only quadratic in size, containing at most O(n?)
nodes and edges. By default, phylogenetic outlines are
unrooted, however, we also provide algorithms for both mid-
point and outgroup rooting.

Although our focus here is on using phylogenetic outlines
to represent phylogenetic context, please note that phyloge-
netic outlines can be used to represent the output of the
neighbor-net algorithm in all other settings, as well.

The entire procedure described here has been imple-
mented as part of SplitsTree5. The implementation carries
out a Mash comparison of a set of query sequences against
a database representing the GTDB, so as to determine the
phylogenetic context of the queries, then computes and vis-
ualizes a phylogenetic outline of the sequences.

Azospirillum sp. M2T2B2

Azospirillum humicireducens SgZ-5
Azospirillum sp. B2
% Azospirillum sp. B510
Y

/
N/
Y/

Methylobacterium frigidaeris IER25-16

~

Methylobacterium platani SE2.11
Stappia indica SBBC 49

Rhodopseudomonas pseudopalustris DSM 123

B6

Fic. 1.—A phylogenetic outline, displaying the phylogenetic context of the metagenomic draft genome B6 from Arumugam et al. (2019).
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Using a single dialog, the user selects the files containing
the query sequences, loads a database containing all refer-
ence data and then obtains a phylogenetic outline of the
queries, interactively in minutes. Unlike other approaches
(Ondov et al. 2016; Chaumeil et al. 2019; Pierce et al.
2019), no scripting or running of multiple programs is
required.

Conceptually, the calculation of “phylogenetic context”
lies between “phylogenetic placement” (Matsen et al.
2010), in which one or more query sequences are placed
into a precomputed phylogenetic tree, and ab initio phyloge-
netic tree inference, in which a phylogenetic tree is calculated
for all query sequences and a subset of the reference sequen-
ces. The GTDB-tk toolkit provides tools for performing phylo-
genetic placement and ab initio tree inference. In both cases,
the result is a phylogenetic tree that can be viewed in a pro-
gram such as Dendroscope (Huson and Scornavacca 2012).

To illustrate our method, we apply it to a number of meta-
genomic draft genomes of different levels of quality, pub-
lished in Arumugam et al. (2019). We also show how this
differs from the phylogenetic analyses that one can perform
using GTDB-tk.

Results

Assume that you have sequenced and assembled one or more
bacterial genomes, or have calculated a metagenomic binning
of contigs. There are a number of command-line pipelines
that can be used to determine closely related genomes, rang-
ing from very fast, k-mer based heuristics such as Mash
(Ondov et al. 2016), Sourmash (Pierce et al. 2019), or
marker-gene based phylogenetic placement methods such
as GTDB-tk (Parks et al. 2020), to more thorough, but slower
protein-alignment based approaches such as
DIAMOND-+MEGAN (Buchfink et al. 2015; Huson et al.
2016) or HUMANN2 (Franzosa et al. 2018). These methods
all require scripting to go from an input file containing one or
more sequences of interest to a visualization of the phyloge-
netic context of the input sequences. Moreover, the visual
representation of the context is often performed using a phy-
logenetic or taxonomic tree, which presents a definite clus-
tering of taxa with little indication of uncertainty or alternative
groupings.

The shortcomings of using a single phylogenetic tree to
represent uncertain data are well known and have been
addressed in number of different approaches, such as con-
sensus networks (Holland et al. 2004), DensiTree visualizations
(Bouckaert 2010), or the “branch parsimony score” that aims
at quantifying uncertainty in sample placements (Turakhia et
al. 2021), to name a few.

We provide a fast and interactive implementation for ex-
ploring phylogenetic context of a set of microbial sequences
of interest. The user loads one or more files of query DNA
sequences and then requests that all similar reference

genomes are determined. Then a threshold is set for the
maximum distance of reference genomes, or number of
reference genomes, to be considered. These are down-
loaded and a Mash comparison of the query sequences
and all similar reference genomes is performed, the
neighbor-net method is run, and the result is presented as
a phylogenetic outline. (The user can also choose to use a
tree-building method such as neighbor-joining; Saitou and
Nei 1987).

To illustrate our method, we applied it to a number of
“draft genomes” reported in Arumugam et al. (2019).
These draft genomes contain assembled contigs of long-
read microbiome sequences obtained from a bio-reactor
enriched for polyphosphate accumulation (Each such draft
genome is a “metagenomic assembly bin” that consists of
one or more contigs that are deemed to belong to the same
genome.). The paper reports a taxonomic assignment for
each bin that is based on an analysis of the contained
protein-coding genes and confirmed using 16S rRNA sequen-
ces, when present. For each of the 14 reported draft
genomes, we calculated a phylogenetic outline to display
the phylogenetic context of the closest reference genomes
below a certain distance.

On the left of figure 2, we show one “high-quality” draft
genome (that is, with > 90% completeness and < 5% con-
tamination), one “medium-quality” draft genome (with > 50
% completeness and < 10% contamination), and one “low-
quality” draft genome (with < 50% completeness and <
10% contamination), respectively. See Bowers et al. (2017)
for the definition of the three quality levels in terms of com-
pleteness and contamination. The other 11 bins are shown in
the Supplementary Material online.

Generally speaking, in all three cases, the phylogenetic
context is compatible with the taxonomic assignment
reported in Arumugam et al. (2019). In the case of draft ge-
nome B2, all (but one) reference genomes displayed in the
phylogenetic context are members of the genus Candidatus
Accumulibacter. This is in agreement with the classification
presented in Arumugam et al. (2019), which assigned B2 to
the species Candidatus Accumulibacter sp. SK-02. The closest
species in the phylogenetic context analysis is Candidatus
Accumulibacter phosphatis Bin19, Mash distance 0.01, a ge-
nome that was not available to Arumugam et al. (2019). The
second closest, Candidatus Accumulibacter phosphatis
UBA5574, Mash distance 0.07, is not represented by protein
sequences in NCBI and thus was not part of the database
used by Arumugam et al. (2019).

Unexpectedly, the species Xanthomonadales bacterium
UBA2790, which comes from a different taxonomic class,
also appears in the phylogenetic context of B2, with a Mash
distance of 0.2. Note that this metagenome-assembled ge-
nome (MAG) comes from a sample of granular sludge that
also gave rise to two Candidatus Accumulibacter reference
genomes (Parks et al. 2017) and we suspect that it might
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Fic. 2—Phylogenetic context and placement. For three metagenomic draft genomes B2, B8, and B12, we report the taxonomic assignment and
genome quality (Arumugam et al. 2019), and display both the phylogenetic outline computed by SplitsTree5 and a tree representing the phylogenetic

placement computed using GTDB-Tk.

be contaminated with Candidatus Accumulibacter contigs or
sequence.

In the case of draft genome B8, all references genomes
displayed in the phylogenetic context are Thauera species,
except one unclassified Betaproteobacteria bacterium, which
is, however, a member of the genus Thauera, and this sup-
ports the assignment to the genus Thauera. The closest

reference genome Thauera aminoaromatica S2 has a Mash
distance of 0.2.

Finally, in Arumugam et al. (2019), the draft genome B12
was classified as a member of the Betaproteobacteria class,
suggesting that there did not exist a closely related reference
at the time of the publication of the data set. In the phyloge-
netic context computed by SplitsTree, B12 is placed closest to
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Candidatus Accumulibacter sp. 66-26 with a Mash distance of
0.14. In addition, some species of the genera Azonexus and
Dechloromonas can be found that are similar to B12, with
Mash distances below 0.18. These two genera belong to the
family of Azonexaceae in the NCBI taxonomy, whereas
Candidatus Accumulibacter does not have a defined family
or order. All three genera belong to the family
Rhodocyclaceae in the GTDB taxonomy. Although B12 does
not have many closely related reference genomes, the phylo-
genetic outline produced by SplitsTree5 suggests that B12
belongs to the Rhodocyclaceae family, which is more specific
that the assignment suggested in Arumugam et al. (2019).

In each of the three examples, it took between 1 and 3 min
to determine all reference genomes whose sketches have a
distance of at most 0.3 to the sketch of the draft genome, and
then to compute and display the phylogenetic outlines for the
ten most similar references. Computations were carried out
on a laptop with eight cores (at 2.4 GHz) and 32 GB of mem-
ory. Reference genomes are downloaded (and cached) on
demand, which takes additional time. The distance thresholds
used to select the closest reference genomes for each bin
were chosen interactively and are reported in the
Supplementary Material online.

To illustrate the improved practical performance of the
outline algorithm on a larger data set, we computed the phy-
logenetic context for draft genome B12 using the 1,000 clos-
est reference genomes. Running the neighbor-net algorithm
on this data takes 90s and results in 4,516 splits. The equal-
angle algorithm (Dress and Huson 2004) produces a splits
network with 108,640 nodes and 212,762 edges, and
requires about 7 min to compute and show the network. In
contrast, our new outline algorithm produces a splits network
with 8,028 nodes and 8,028 edges and requires only 2 s for
this (not shown here).

For the purpose of comparison, we applied GTDB-Tk
(Chaumeil et al. 2019) in phylogenetic placement mode (clas-
sify_wf workflow) to the draft genomes B2, B8, and B12.
GTDB-Tk uses GTDB accessions to label reference genomes,
whereas SplitsTree uses the strain names associated with the
assemblies in the assembly reports of NCBI. In figure 2, we
show relevant part of the placement tree computed by GTDB-
tk and use colors to indicate corresponding GTDB accessions
and NCBI strain names.

In the case of draft genome B2, the tree computed by
GTDB-Tk agrees very well with the phylogenetic context com-
puted using SplitsTree, placing B2 next to Candidatus
Accumulibacter phosphatis Bin19, and to other reference
genomes shown in the phylogenetic outline (fig. 2a). The
distances computed by SplitsTree5 were also similar to those
reported by GTDB-Tk.

In the case of draft genome B8, the phylogenetic context
included all members of the genus Thauera from GTDB-Tk,
and placed the query next to Thauera aminoaromatica S2.
The tree produced by GTDB-Tk contains the same references

and has a similar topology (fig. 2b). This suggests that, if
distances between genomes are small enough, then a
Mash-based analysis, as in SplitsTree5, may perform very sim-
ilar to a marker-gene and ANI-based analysis, as in GTDB-Tk.

Finally, in the case of B12, this draft genome is further
away from any reference genome than the two draft
genomes just discussed (fig. 2c). GTDB-Tk places B12 outside
of the boundaries of any genera, but closer to the genus
Accumulibacter, and closest to the species Candidatus
Accumulibacter sp. 66-26.

SplitsTree5 also places B12 closest to the species
Candidatus Accumulibacter sp. 66-26; however, the rest of
the references shown in the phylogenetic context are from
the genus Azonexus instead of Accumulibacter. Although the
distances within the genus are in agreement with those com-
puted by GTDB, here, we see a difference in the phylogeny
outside genus boundaries. This is reflects the fact that ANI
values are known to provide only a poor estimation of evolu-
tionary distance across different genera (Qin et al. 2014).

We also determined the phylogenetic context and GTDB-
Tk placement for all other 11 MAGs reported in Arumugam et
al. (2019) and report these in the Supplementary Material
online. For those draft genomes for which very similar refer-
ence genomes can be found, the phylogenetic context com-
puted by SplitsTree is similar to the phylogenetic placement
computed by GTDB-Tk. In the other cases, either the phylo-
genetic context contains only very few references, or it con-
tains a wide range of different references and disagrees with
the phylogenetic placement computed by GTDB-Tk (see B4
and B6 in the Supplementary Material online). These disagree-
ments persist even if one uses a more accurate calculation of
ANI (not shown here), indicating that they are due to a fun-
damental difference between ANI analysis and marker-gene
analysis.

Discussion

Here, we bring together a number of different ideas, using
the GTDB database to represent the taxonomy of bacterial
and archaeal genomes; Mash sketches and Bloom filters for
fast sequence comparison; and the neighbor-net method and
our new concept of phylogenetic outlines for visualization.
We thus provide a fast heuristic for establishing the phyloge-
netic context for one or more prokaryotic genomes or DNA
sequences. We demonstrated that our approach can be ap-
plied to usefully determine and visualize the phylogenetic con-
text of bacterial draft genomes at different levels of assembly
quality.

We believe that the use of a phylogenetic outline, rather
than a phylogenetic tree, to represent phylogenetic context is
more suitable because outlines can express vagueness in the
placement of taxa with respect to each other, whereas trees
suggest a specific branching pattern. For example, in figure
4a, we show the unrooted, resolved phylogenetic tree

Genome Biol. Evol. 13(9) doi:10.1093/gbe/evab213  Advance Access publication 14 September 2021 5

220z 1990300 L1 uo 3senb Aq G1.0.£9/€ L 2AeAd/6/€ L /8101HE/5GH/ W00 dno-IWapeDdE//:SAY Wol) papeojuMoq



Bagci et al.

GBE

computed using the neighbor-joining algorithm (Saitou and
Nei 1987). Both the splits network (fig. 4b) and the phyloge-
netic outline (fig. 4c) place Competibacteraceae bacterium
UBA2788 halfway between Candidatus Contendobacter
odensis Run B J11 and the draft genome B11. This ambiguity
of placement is not evident in the tree representation.

The mash-based calculation of phylogenetic outlines pre-
sented here is, on the one hand, a form of ab-initio phyloge-
netic analysis, in which we infer evolutionary relationships
from data. On the other hand, the aim is to visualize the
phylogenetic context of sequences, which is similar to the
goal of phylogenetic placement. We provide a graphical
user interface that allows the user to interactively compute
and explore the context of sequences. Although GTDB-tk
provides methods for both phylogenetic placement and ab
initio phylogenetic analysis, these calculations are performed
using a script and the output is presented as text files.
Although the resulting trees can be viewed using third party
tools, the leaves of the tree are labeled by GTDB accessions,
whereas our approach provides the option of labeling leaves
by the associated NCBI names.

Here, the focus is on prokaryotic sequences. It would be
straight-forward to adopt this approach to eukaryotes with
small genomes, such as Phytophthora or certain insects, say.
Virus genomes such as HIV or SARS-2-COVID, are too small to
benefit from a naive sketching approach, whereas mamma-
lian genomes are probably too big to handle with our current
code base. Using mash to screen sequencing data for the
presence of certain genomes is an attractive idea (Ondov et
al. 2019), but it exceeds the envisioned scope of this software.

Phylogenetic outlines are not limited to depicting phyloge-
netic context and we envision them becoming the preferred
visualization of the output of the neighbor-net algorithm in
other types of analysis, too.

Using a phylogenetic outline to represent phylogenetic
context does not replace careful alignment and sophisticated
phylogenetic analysis when the goal is to understand the
evolutionary history of a set of taxa in detail. In addition,
contamination of metagenomic assembly bins may cause
difficulties. Nevertheless, we believe that our approach will
prove to be a useful addition to the biologists’ computa-
tional toolbox.

Materials and Methods

Preprocessing the Reference Database

We downloaded the GTDB taxonomy (Parks et al. 2020) in
July 2020. The taxonomy has 240,103 nodes, of which
194,600 are leaves. GTDB identifies 31,910 genomes repre-
sentative genomes. These are available from the GTDB down-
load page https://data.gtdb.ecogenomic.org/releases/latest/
genomic_files_reps/ (last accessed September 16, 2021).
Links to the other (nonrepresentative) genomes are contained
in the GenBank or RefSeq (Pruitt et al. 2009) assembly sum-
mary reports on the NCBI genomes FTP site ftp:/ftp.ncbi.nlm.-
nih.gov/genomes/ASSEMBLY_REPORTS/.

In a processing step, we computed a Mash sketch (Ondov
et al. 2016) for each of the 31,910 representative genomes,
using a word size of k=21 and sketch size of s=10,000.
Multipart genome sequences were concatenated. For each
internal node of the GTDB taxonomy, we computed a
Bloom filter (Bloom 1970) representing all k-mers contained
in all sketches associated with genomes below the node, us-
ing a false positive probability of 0.0001. For these calcula-
tions, we used our own implementations of the Mash
algorithm, mash-sketches, and Bloom filters, bfilter-tool,
which we provide as a part of our SplitsTree5 package.

Al taxa, Mash sketches, Bloom filters, and genome URL's
were loaded into an SQLITE database file gtdb-rep-k21-
510000-May2021.db. In addition, the file contains an explicit
representation of the GTDB taxonomy using a node-to-parent
mapping. The database schema is shown in figure 3. The
database file is 12.4 GB in size and does not contain the actual
genome sequences; these are downloaded (and cached) by
our implementation on demand.

The Outline Algorithm

For a given distance matrix D on a set of n taxa &, the
neighbor-net algorithm (Bryant and Moulton 2004) computes
a set of weighted splits £ of X, that is, a set of bipartitions of
the form S = A|B, where A # &, B# &, ANB = ¢ and
AUB = X. The set of splits computed by neighbor-net has
quadratic size O(n?). The set of splits is “circular,” which
implies that they can be represented by an “outer-labeled

bloom filters

key text taxon_id int taxon_id
value x genome_accession
genome size

fasta_url

mash_sketch

nt taxon_id nt taxon_id nt

bloom _filter taxon_name

parent_id

rank

Fic. 3.—Database schema. The info table contains general information, such as version and size of the database. The primary key for all other tables is
the taxon ID. For each reference species, the genomes table contains the genome accession, genome size, and the URL of a FastA file containing the genome
sequence. The mash_sketches table contains a mash sketch for each reference species, whereas the bloom_filters tables contains a Bloom filter for each
higher-rank taxon. The taxa table contains the ID and name, the parent ID, and the rank, for each taxon.
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Fic. 4—Tree and networks. For a low-quality draft genome “B11”
from Arumugam et al. (2019), we display its calculated phylogenetic con-
text, using (a) a neighbor-joining tree with 26 nodes and 25 edges, (b) a
splits network with 120 nodes and 197 edges, and (c) a phylogenetic
outline with 68 nodes and 68 edges, respectively.

planar” splits network (Dress and Huson 2004) (fig. 4b), using
O(n*) nodes and edges, in the worst case.

Here, we describe the computation of a phylogenetic out-
line that requires only O(n?) nodes and edges (fig. 4c). In a
phylogenetic outline, each split S = A|B is represented by a
single edge, or two parallel edges, that separate all taxa in A
from all taxa in B, and thus a phylogenetic outline fulfills the
definition of a splits network (Dress and Huson 2004).

Consider a set T of m splits on X, each split S with a
positive weight o(S). Assume, without loss of generality,
that £ contains all trivial splits on X, that is, all splits that
separate exactly one taxon from all others. We will assume
that the splits are circular, that is, that there exists an ordering
X1,X2, ..., Xn Of the taxon set X' such that each split S € X can
be written as S={x,....x}X—{x,...,x}, with
1 < i <j < n,in other words, as an interval of elements
of X, which does not contain the first taxon, versus all others.
This condition is always satisfied by the output of neighbor-
net (Bryant and Moulton 2002).

To illustrate this, consider the set of splits &=
S1,...,55,54,5,5¢}  on X={x1,...,Xs}, where
Sa :{Xz,X3}|{X1,X4,X5}, Sb:{Xg,X4,X5}HX1,X2} and

Sc = {x3,Xa }|{X1,%2, X5 }. Moreover, for i=1,...5, let §;

be the trivial split separating x; from all other taxa. This set
of splits is circular, as illustrated in figure 5a.

Circularity implies that, for each split S € Z, the split part
not containing x; is an interval of the form /(S) = {x;, ..., X}
with 1 < i < j < n. We will use i(S) and f(S) to refer to the
two interval bounds.

Our new “outline algorithm” for computing a phyloge-
netic outline proceeds in three steps. In summary, first, we
define two “events” per split. Second, we sort all events.
Third, we process all events in sorted order, constructing ei-
ther 0 or 1 new nodes and/or edges, per event.

For each split S, we define two events, an “outbound
event” S*, crossing over to the other side of S from the
side that contains x;, and an “inbound event” S~ returning
back to the side of S that contains x;. We will sort these events
and then use them to construct the phylogenetic outline.

We define a total ordering on all events as follows (fig. 5b
and ¢):

« Fortwo outbound events S* and T*, set St < T+, if either
i(S) < i(T) orboth i(S) = i(T) and j(S) > j(T).

« For two inbound events S~ and T set S~ < T, if either
J(S) < j(T) or both j(S) = j(T) and i(S) > i(T).

« For an outbound event ST and an inbound event T~ set
St < T-,ifi(S) < j(T)+1,andsetS* > T—, otherwise.

The ordering of all O(n?) events can be computed in O(n?)
steps: Use radix sort to first sort all outbound events S* in
decreasing order of f(S), and then in increasing order of i(S).
Similarly, use radix sort to first sort all inbound events S~ in
decreasing order of i(S) and then in increasing order of fS).
Finally merge the two lists of events observing the relative
ordering of outbound and inbound events.

We now describe how to create the nodes and edges of
the outline (fig. 5d).

We will use p to denote the current location, initially set to
(0, 0). Place taxon x; on a new node v; at location n(v;) = p.
We will use Z(v) to denote the set of splits that separates a
node v from the node v;.

For each split S, we define an angle:
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Circular splits Events Ordering Phylogenetic outline
Fic. 5.—Circular splits and outline. (a) A set of splits {S1. ..., Ss, Sa, Sp, Sc } that is circular, that is, for which the taxa can be placed around a circle such

all splits correspond to chords of the circle. (b) Traveling around the circle in positive orientation, each split S is encountered twice, first where the interval that
does not contain taxon x; starts (outbound event S* marked @) and then again where that interval ends (inbound event S~ marked ©). (c) The ordered
events, listed in two columns. (d) Starting at x;, in the order of the events, when encountering an outbound event S* move perpendicularly to the chord for
split S by a distance of w(S), as indicated by solid arrows. When encountering an inbound event S~ move in the opposite direction by the same distance, as

indicated by dotted arrows.

w(S) = %%oﬁ

In the example in figure 5b, this is perpendicular to the chord
associated with S.

We process all events as described in the following two
paragraphs. Let v be the current node, initially set to vy.

To process an outbound event for a split S, move the cur-
rent location p in the direction of a(S) by a distance of »(S),
the given positive weight of S. Create a new node w and
connect v to w by a new edge. Set Z(w)=XZ(v)U{S}.
Update the current node, setting v=w.

To process an inbound event for a split S, move the current
location p in the opposite direction of «(S) by a distance of
(S). Consider the set of splits £’ = £(v) — {S}. We set
w=u, if there exists a node u with £(u) = X'. Else, we create
a new node w, and set n(w) = p and £(w) = X’. We con-
nect vand w by an edge, if they are not already connected by
an edge. Update the current node, setting v=w.

After processing all events, we arrive back at the starting
point (0, 0); this is due to the fact that translations are com-
mutative and so, for each split, the effect of processing its
outbound event and the effect of later processing its inbound
event cancel each other out.

The number m of circular splits on n taxa is bounded by
O(n?). As discussed above, there will be at most 2m nodes
and 2m edges in the network, and therefore the size is
bounded by O(n?). The events are sorted using radix sort,
in time linear in the number of events, and thus in O(n?)
time. The construction of nodes and edges also requires
only O(n?) steps. Hence, the outline algorithm requires at
most O(n?) in total. The network size and time requirement
compare favorably to the O(n*) network size and time worst-
case requirements of the equal angle algorithm (Dress and
Huson 2004), which is currently used to visualize the output

of the neighbor-net algorithm in SplitsTree4 (Huson and
Bryant 2006).

We now discuss how to compute a rooted phylogenetic
outline. For midpoint rooting, we proceed as follows. We first
determine two taxa, a and b, that maximize the split distance
dx(a,b) = 3 scxap) @(S), where the sum is taken over the
set (a, b) of all splits S that separate a and b. The set Z(a, b)
is then sorted by increasing cardinality of the split part S(a)
containing a, and then by increasing size of the intersection of
S(a) with the interval of all taxa that lie between a and b in the
cycle. The root is then positioned in the first split for which the
accumulated sum of weights is at least half of dx(a, b). For
rooting by outgroup, the root is placed in the middle of a split
that separates the outgroup from the rest of the taxa and is
minimal with respect to that property.

Graphical User Interface

We have implemented the approach described here in our
program SplitsTree5. To compute a phylogenetic outline dis-
playing the phylogenetic context for one or more prokaryotic
sequences, select the File — Analyze Genomes. .. menu item.
This will open a dialog with three tabs. The first tab is used to
select the input file(s) and output file, and to determine
whether all sequences in a given file are to be concatenated
or to be treated separately (fig. 6a). In addition, one can set a
minimum sequence length (here set to 100,000 bp). The sec-
ond tab is used to edit the names for the sequences (fig. 6b).
The third tab is used to perform a Mash-based search in the
GTDB database and to select which reference genomes
should be included in the phylogenetic outline, based on their
distances to the input sequences (fig. 60).

The example presented is a medium-quality draft genome
consisting of 25 contigs assembled from long-read sequences,
designated bin B8 in Arumugam et al. (2019) with taxonomic
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Fic. 6.—Phylogenetic context analysis. (a) The user selects the input file(s) and decides whether to analyze on a “per file” (complete genome) or “per
FastA record” (individual contigs) basis. (b) The labels are set for the input sequences. (c) A search against the GTDB database is initiated and a threshold for
the maximum distance is set. Once completed, a phylogenetic outline is drawn. (d) In a genome-oriented analysis, the phylogenetic outline shows the context
of the concatenated input sequences. (€) Alternatively, in a contig-oriented analysis, the different sequences in the input file are represented individually in

the phylogenetic outline.

assignment to the genus Thauera. In figure 6d, we use a
phylogenetic outline to show the phylogenetic context of
the draft genome, involving the 30 closest reference
genomes.

In figure 6e, we show the phylogenetic context for the 15
(of 25) input contigs whose length achieves the set threshold
of 100,000bp. The contigs are numbered by decreasing
length, ranging from B08:1 with length 770,679bp to
B08:15 with length 109,403 bp, respectively. Although the
outline indicates that the longest contig B08:1 is very similar
to the shown reference genomes, the similarity between con-
tigs and references decreases with decreasing contig length.

Running GTDB-Tk

The frame-shift corrected bins from Arumugam et al. (2019)
were classified using the phylogenetic-placement mode of
GTDB-Tk (Chaumeil et al. 2019), using the GTDB database
R95 version (Parks et al. 2020). We ran the classify_wf work-
flow with the default settings, using 32 cores both for the
main pipeline and for the pplacer program. GTDB-Tk

completed the phylogenetic placement of all bins in 26 min.
In order to visualize the resulting phylogenetic placements, we
opened the Newick-formatted gtdbtk.bac120.classify.tree
output file in Dendroscope (Huson and Scornavacca 2012)
and manually extracted the relevant subtrees for the bins
shown in figure 2 and the Supplementary Material online.

Supplementary Material

Supplementary data are available at Genome Biology and
Evolution online.
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ABSTRACT In microbiome analysis, one main approach is to align metagenomic
sequencing reads against a protein reference database, such as NCBI-nr, and then to
perform taxonomic and functional binning based on the alignments. This approach is
embodied, for example, in the standard DIAMOND+MEGAN analysis pipeline, which
first aligns reads against NCBI-nr using DIAMOND and then performs taxonomic and
functional binning using MEGAN. Here, we propose the use of the AnnoTree protein
database, rather than NCBI-nr, in such alignment-based analyses to determine the pro-
karyotic content of metagenomic samples. We demonstrate a 2-fold speedup over the
usage of the prokaryotic part of NCBI-nr and increased assignment rates, in particular
assigning twice as many reads to KEGG. In addition to binning to the NCBI taxonomy,
MEGAN now also bins to the GTDB taxonomy.

IMPORTANCE The NCBI-nr database is not explicitly designed for the purpose of micro-
biome analysis, and its increasing size makes its unwieldy and computationally expen-
sive for this purpose. The AnnoTree protein database is only one-quarter the size of
the full NCBI-nr database and is explicitly designed for metagenomic analysis, so it
should be supported by alignment-based pipelines.

KEYWORDS microbiome analysis, taxonomy, functional analysis, alignment, protein
sequences, NCBI-nr, AnnoTree, function, software

ext-generation sequencing (NGS) has revolutionized many areas of biological

research (1, 2), providing ever-more data at an ever-decreasing cost. One such
area is microbiome research, the study of microbes in their theater of activity using
metagenomic sequencing (3). Here, deep short-read sequencing, and improving per-
formance of long-read sequencing, are helping to explore the roles and interactions of
microbiomes in different environments.

The two initial tasks for any microbiome sequencing data set are (i) taxonomic anal-
ysis, that is, to determine which organisms are present in a microbiome sample, and (ii)
functional analysis to determine which genes and pathways are present. Task i can be
addressed, to a degree, using amplicon sequencing (targeting 16S rRNA, 18S rRNA, or
internal transcribed sequencing, for example). However, a species- or strain-level taxo- Editor Naseer Sangwan, Cleveland Clinic

nomic analysis, and task ii, both are best addressed using whole-genome shotgun Copyrightich072Catitamletalyhislsan
open-access article distributed under the terms

Sequendng' that s, metagenomics proper. of the Creative Commons Attribution 4.0
Metagenomic shotgun sequencing reads can be analyzed using a number of differ- International license.
ent approaches, such as alignment-free k-mer analysis (4-6), alignment against DNA Address correspondence to Daniel H. Huson,

references (7, 8), or translated alignment against protein references (9-13). A SR i EgEm .
The authors declare no conflict of interest.

The DIAMOND+MEGAN approach uses DIAMOND (14) to perform translated align-
. " . " . Received 23 November 2021
ment (short-read sequencing) or “frameshift-aware” translated alignment (long-read Accepted 24 January 2022
sequencing) of metagenomic reads or contigs against the NCBI-nr database (15). The Published 22 February 2022
resulting alignment files are then “meganized” or analyzed using MEGAN (16) so as to
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perform taxonomic and functional binning. A detailed protocol of this simple two-step
pipeline is presented in reference 17.

During meganization, reads are assigned to taxonomic classes in the NCBI taxon-
omy (18) and to the GTDB taxonomy (19). Reads are also assigned to functional entities
in EC (20), EggNOG (21), InterPro families (22), KEGG (23), and SEED (24, 25).

The DIAMOND+MEGAN pipeline was originally designed for use with the NCBI-nr
database (10). The NCBI-nr database contains nonidentical protein sequences from
GenBank CDS translations, PDB (26), Swiss-Prot (27), PIR, and PRF, covering all domains of
life and viruses. In August 2021, NCBI-nr comprised over 420 million sequences, of which
just over half, ~213 million, belong to bacteria or archaea. The NCBI-nr database is not ex-
plicitly designed for use in metagenomic analysis, and its rapidly increasing size is making
it unwieldy for this purpose.

To perform taxonomic binning, MEGAN assigns reads to the NCBI taxonomy, which
contains more than 2.2 million nodes and is designed for “structuring communication
concerning all forms of life on Earth” (18, 28). More recently, the GTDB taxonomy (19) was
developed for the explicit purpose of taxonomic analysis of microbiome sequencing data.
Here, we introduce support for the GTDB taxonomy in MEGAN. The DIAMOND+MEGAN
pipeline now performs taxonomic binning of metagenomic reads according to both the
NCBI taxonomy and the GTDB taxonomy.

AnnoTree (29) provides functional annotations from over 27,000 bacterial and 1,500
archaeal genomes obtained from the GTDB database (19). The total number of protein
sequences contained in the AnnoTree database is 106,052,079. The AnnoTree database
is approximately one-quarter the size of NCBI-nr and only half the size of the prokary-
otic part of NCBI-nr. However, AnnoTree contains protein sequences from more meta-
genome assembled genomes (MAGs) than NCBI-nr, and these are more likely to be
found in microbiome samples.

In this paper, we describe and provide the necessary files for performing
DIAMOND+MEGAN analysis using the AnnoTree protein reference database, as an
alternative to NCBI-nr, to analyze the prokaryotic content of metagenomic sequenc-
ing samples. To illustrate the utility of this approach, first we compare the perform-
ance of DIAMOND+MEGAN using NCBI-nr and AnnoTree protein reference sequen-
ces on a published mock community of 23 bacterial and 3 archaeal strains (30).
Using 10 published data sets from a range of different environments and obtained
using both short- and long-read sequencing techniques, we then demonstrate that
AnnoTree-based analysis is twice as fast and has a higher assignment rate than
NCBI-nr-based analysis when using the DIAMOND+MEGAN pipeline. We also com-
pare examples of both the NCBI and GTDB taxonomic binning.

RESULTS

Using the standard DIAMOND+MEGAN analysis pipeline (16), metagenomic sequenc-
ing reads are first aligned against the NCBI-nr database using DIAMOND, and then the
resulting alignments are processed by MEGAN (or the command-line tool daa-meganizer)
50 as to perform taxonomic and functional binning. We will refer to this as an NCBI-nr run
of the pipeline.

In this paper, we describe a new application of the DIAMOND+MEGAN pipeline in
which DIAMOND alignment is performed against the AnnoTree protein database, and
we refer to this as an AnnoTree run. To enable the pipeline to be run in this way, we
provide (i) a FastA file containing all ~106 million AnnoTree protein sequences and (ii)
an SQLite database (https://www.sqlite.org) that contains mappings of AnnoTree pro-
tein accessions to taxonomic and functional classes in all supported classifications. In
addition, we provide a set of Python scripts that can be used to update both the FastA
file and the mapping database.

To allow a fair comparison between the two runs, when aligning against the NCBI-
nr database, throughout this study, we only aligned against the prokaryotic entries of
the NCBI-nr database.
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FIG 1 For prokaryotic species detected during analysis, we report the approximate relative abundance
of organisms in the mock community (green) and the number of bases aligned and assigned by
DIAMOND+MEGAN in an NCBI-nr run (blue) and in an AnnoTree run (orange).

Performance on a mock community. For an initial comparison of the two ways of
running the DIAMOND+MEGAN pipeline, we ran both on a set of 53,654 PacBio shot-
gun reads from the MBARC-26 mock community of 23 bacterial and 3 archaeal strains
(30). In Fig. 1, we compare the two taxonomic profiles obtained from the NCBI-nr and
AnnoTree runs with the published profile. Both computed profiles follow the published
one quite closely, with some low-abundance false-negative assignments, namely, to
Salmonella bongori and Escherichia coli for the former and latter run, respectively, and
to Nocardiopsis dassonvillei for both. The NCBI-nr run gives rise to five false-positive
bacterial assignments, namely, to Paenibacillaceae bacterium, Pseudomonas aeruginosa,
Sediminispirochaeta bajacaliforniensis, Meiothermus hypogaeus, and Thermobacillus spe-
cies. The latter has a large count that bleeds over from the high-abundance true-posi-
tive Thermobacillus composti. The AnnoTree run gives rise to two false-positive bacte-
ria, Sediminispirochaeta bajacaliforniensis and Meiothermus sp. strain Pnk-1. There are
no false positives or negatives in the archaea.

These results indicate that the use of the AnnoTree protein database, in place of
the NCBI-nr protein database, is worth pursuing when the goal is to determine the pro-
karyotic content of a sample.

Performance on 10 different data sets. For a more detailed comparison of NCBI-nr
and AnnoTree runs of the DIAMOND+MEGAN pipeline, we applied the two variants to a
set of 10 different published samples that cover a range of different environments. Nine
of the 10 data sets consist of short reads, and one consists of long reads. There are ~580
million reads in total. The number of reads per data set is listed in Table 1. For each data
set, we also report the number and percentage of reads that obtained a DIAMOND align-
ment against AnnoTree and NCBI-nr, respectively (Spearman’s correlation p =1, P =2.2e -
16). In most cases, the ratio of the former number to the latter is &1, except in the case of
the soil sample, where ~50% more reads have an alignment against AnnoTree.

Out of the total of ~580 million reads, DIAMOND aligns ~307 million (x52.9%)
reads against the AnnoTree database and ~302 million (~52%) reads against the
NCBI-nr database, that is, nearly 1% more reads against the former database, although
the latter database contains more than twice as many entries.
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TABLE 1 Accession numbers and total number of reads for each data set?

Reads with DIAMOND alignments
Total no.

Data set Accession no. of reads AnnoTree (no.) % NCBI-nr (no.) % Ratio
River1 ERR466320 646,178 410,118 63.5 406,913 630 1.0
River2 SRR8859111 129,753,222 90,535,941 69.8 88,403,713 68.1 1.0
Seagrass SRR6350025 98,260,754 36,053,215 36.7 33,717,202 343 1.1
Skin ERR2538467 22,827,626 13,403,495 58.7 14,122,490 61.9 0.9
Stool ERR2641811 33,214,614 29,132,562 87.7 30,101,313 906 1.0
Soil SRR7521491 97,595,185 10,992,188 11.3 7,264,223 7.4 15
Thermal Pools SRR6344961 52,908,626 15,751,382 29.8 16,625,446 314 09
Bioreactor1 SRR9831403 99,998,110 73,151,916 73.1 72,806,515 728 1.0
Bioreactor2 SRR8313048 44,258,996 36,608,649 82.7 37,477,641 847 1.0
Bioreactor3®  SRR8305972 694,827 613,958 88.4 616,536 88.7 1.0
Total 580,158,138 306,653,424 52.86 301,541,992 51.98 1.02
“For both the AnnoTree and NCBI-nr protein databases, we report the number and percentage of reads that
obtained an alignment using DIAMOND. We also report the ratio between the two numbers.
bLong-read data set.

Taxonomic binning. The DIAMOND+MEGAN pipeline assigns aligned reads both
to the NCBI taxonomy (18) and, now, the GTDB taxonomy (19).

In the case of the NCBI taxonomy, performing AnnoTree runs on all data sets
assigns 99.5% of all aligned reads to a taxonomic node, whereas the assignment rate
when performing NCBI-nr runs is only 98.7% (Table 2). In total, using AnnoTree rather
than NCBI-nr leads to the taxonomic assignment of ~7.6 million additional reads
(~1.3% of all reads). However, in more detail, the number of assigned reads is a few
percentage points higher for the NCBI-nr runs on the two human-associated samples,
skin and stool, and a few percentage points lower for the seagrass and soil samples.

For each of the 10 data sets, in Fig. 2 we present a more detailed comparison of the
assignment of reads to the NCBI taxonomy for the AnnoTree and NCBI-nr runs. The
results for both runs agree for 30 to 60% of all reads. For most data sets, the percent-
age of assigned reads that are assigned by only one of the two runs is similar, with the
biggest exception being the soil sample, where approximately 40% of all assigned
reads are assigned by AnnoTree only. For most data sets, the percentage of reads that
are assigned incompatibly to different lineages is below or around 10%, with the
exception of a bioreactor sample, where this value is around 30%.

In the case of the GTDB taxonomy, performing AnnoTree runs on all data sets
assigns ~99% of all aligned reads to a taxonomic node, whereas the assignment rate
when performing NCBI-nr runs is only 93.6% (Table 2). In total, using AnnoTree rather
than NCBI-nr leads to an assignment of ~21.5 million additional reads (x~3.7% of all
reads). On the stool sample, the assignment rate for the NCBI-nr run is 1% higher than
that for the AnnoTree run, but in all other cases, the assignment rate for the AnnoTree
runs is a couple of percentage points higher than that for the NCBI-nr runs.

TABLE 2 Assigned reads®

AnnoTree run NCBI-nr run

Classification Assigned % ofR  %ofAl  Assigned % ofR _ %ofAl Ratio
NCBI taxonomy 305,150,157 526 99.5 297,539,333 513 98.7 1.0
GTDB taxonomy 303,770,449 524 99.1 282,269,816 486 93.6 1.1
EC 78,874,545 13.6 25.7 76,552,285 13.2 254 1.0
eggNOG 95,932,149  16.5 313 87,131,284 15.0 28.9 1.1
InterPro 142,250,858  24.5 46.4 143,885,580 24.8 47.7 1.0
KEGG 209,371,499  36.1 683 123,130,673  21.2 40.8 1.7
SEED 102,452,692 17.7 334 100,615,086  17.3 33.4 1.0
“For each of the classifications provided by MEGAN and summarized over all AnnoTree runs and NCBI-nr runs of
the DIAMOND+MEGAN pipeline on the 10 data sets listed in Table 1, we report the number of assigned reads
(assigned), the percentage of all reads (% of R), and the percentage of all aligned reads (% of Al). In the last
column, we report the ratio of the reads assigned using AnnoTree and NCBI-nr, respectively.

January/February 2022 Volume 7 Issue 1 e01408-21 msystems.asm.org 4

112

Downloaded from https://journals.asm.org/journal/msystems on 17 October 2022 by 2001:16b8:2b97:2¢00:64¢5:54d8:54e0:611c.



More Assignments, Faster

mam Assignment in AnnoTree run only.
Assignment to same taxon.

Assignment to different lineage.

Same lineage, AnnoTree run more specific.
== Same lineage, NCBI-nr run more specific.
B Assignment in NCBI-nr run only.

HmES=M=

S L =x
s NE=
Sy L=
5 9 ISP
g s =1
8 & =
JOIS I
SL M=
“Eo IE=
£ L=

eaSystems

Reads assigned in
NCBI-nr run.
mmm Reads assigned in
AnnoTree run.

62.7%
63.4%

646,178

67.5%

6870 J 129753222

} 98,260,754

61.6%
22,827,626

33,214,614

97,595,185

99,998,110

44,258,996

694,827

b
b
b
} 52,908,626
b
b
b

} 580,158,138

0.0 0.2 0.4 0.6 0.8 1.0 0.0

Proportion of assigjned reads

1.0 Total

FIG 2 Details of the assignment of reads to the NCBI taxonomy. For each of the 10 data sets, for the total set of reads assigned by either an AnnoTree run
or NCBI run of the DIAMOND+MEGAN pipeline, we show the proportion of reads only assigned by the AnnoTree run (green), assigned by both runs to the
same taxon (yellow), or only assigned by the NCBI run (gray). For reads with differing assignments, we show the proportion assigned to incompatible
lineages (dotted) or two compatible lineages with either the AnnoTree assignment being more specific (vertical stripes) or the NCBI-nr assignment being more
specific (horizontal stripes). On the right, we indicate the total number of reads and the number of reads assigned by either the AnnoTree or NCBI-nr run.

In Fig. 3, we present more details on the assignment of reads to the GTDB taxon-
omy. The results are similar to those for the assignment to the NCBI taxonomy but
with a somewhat decreased level of conflicting assignments for most data sets.

Functional binning. The DIAMOND+MEGAN pipeline assigns aligned reads to a
number of different functional classifications, currently EC numbers (20), eggNOG
(21), InterPro families (22), KEGG (23), and SEED (24). For most functional classifica-
tions, the assignment rates for the AnnoTree runs are slightly higher than those for
the NCBI-nr runs.

In the case of KEGG, performing AnnoTree runs on all data sets assigns ~68.3% of
all aligned reads to a KEGG node, whereas the assignment rate when performing NCBI-
nr runs is only ~40.8% (Table 2). AnnoTree runs make ~70% more assignments of
reads to KEGG nodes than the NCBI-nr runs do.

The number of read assignments to KEGG is particularly low for the soil sample, with
AnnoTree-based assignment of only ~8% and NCBI-based assignment of only ~1.6% of
all reads (Fig. 4).

Running time. As the AnnoTree protein database is less than one-quarter the size
of the full NCBI-nr protein database, using the former during the alignment step of the
DIAMOND +MEGAN pipeline will speed up the analysis. This will be offset, very slightly,
by the fact that the number of aligned reads will be slightly higher. In the analysis per-
formed here, we only aligned against the prokaryotic content of NCBI-nr, which con-
tains approximately twice as many sequences as the AnnoTree protein database.

In Table 3, summarizing all 10 data sets, we report the CPU time used by DIAMOND,
Meganizer, and both combined during both an NCBI-nr run and an AnnoTree run of
the DIAMOND+MEGAN pipeline. On all data sets, DIAMOND alignment against the
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FIG 3 Details of the assignment of reads to the GTDB taxonomy, using the same colors as those in Fig. 2.

prokaryotic proteins in NCBI-nr takes about twice as long as alignment against the
AnnoTree database, while meganization usually takes slightly longer in AnnoTree runs.
In total, an AnnoTree run of the DIAMOND+MEGAN pipeline is twice as fast as an
NCBI-nr run.

Performing an NCBI run using the full NCBI-nr database, not just the prokaryotic
part, on each of the 10 data sets takes ~3 times as long as an AnnoTree run, with
an ~4% increase of assignments to the NCBI taxonomy, on average.

DISCUSSION

When first published in 2007 (10), MEGAN was run together with BLASTX (9) on data
sets containing hundreds of thousands of short reads against the NCBI-nr protein data-
base, which then contained around 3 million sequences. The DIAMOND alignment pro-
gram (14) was later designed to allow the alignment of much larger data sets against a
much larger NCBI-nr database. As the NCBI-nr database continues to grow, alignment
against the full database presents an increasingly severe computational bottleneck.

As an alternative, projects focusing on the prokaryotic content of microbiome sam-
ples can make use of the GTDB taxonomy and the AnnoTree protein database, which
are both explicitly designed for this. As the AnnoTree protein database is only 1/4 the
size of the NCBI-nr database, DIAMOND alignment of reads against the AnnoTree pro-
tein database takes at most only half as much time while providing a superior assign-
ment rate.

In this study, we illustrated the performance of AnnoTree runs using 10 example
data sets from different environments. The results on these examples confirm that
using AnnoTree is a useful alternative to using NCBI-nr.

The soil sample stands out. Its DIAMOND alignment rates against AnnoTree and NCBI-
nr are very low at only 11.3% and 7.4%, respectively, in contrast to the alignment rates for
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FIG 4 Details of the assignment of reads to KEGG. For each of the 10 data sets, for the total set of reads assigned by either an AnnoTree run or NCBI run
of the DIAMOND+MEGAN pipeline, we show the proportion of reads only assigned by the AnnoTree run (green), assigned by both runs to the same class

(yellow) or different classes (olive), or only assigned by the NCBI run (gray).

the sool sample, which are very high at 87.7% and 90.6%, respectively. This illustrates that
the diversity of the soil environment is only poorly represented in current databases (31,
32), while human stool samples and human-associated microbes have been studied in
detail (33). The fact that the AnnoTree run has a higher assignment rate than the NCBI-nr
run on the soil sample may be because the AnnoTree database recruits more sequences
from metagenomic assembled genomes than NCBI-nr does.

To extend the AnnoTree-based approach to the detection and analysis of viral
sequences, one could extend the AnnoTree protein database using either the virus
subdivision of NCBI-nr or another dedicated resource (34, 35).

MATERIALS AND METHODS

Data sets. We downloaded 53,654 PacBio shotgun reads (Sequence Read Archive [SRA] accession
no. SRR3656744) from the MBARC-26 (Mock Bacteria ARchaea Community) data set (30), with a length of
11 to 16,403 and mean of 1,643.5. The true community profile reported in Fig. 1 was estimated from Fig.
2a of reference 36.

The 10 example data sets, listed in Table 4, were downloaded in FASTA format from the NCBI SRA using
the NCBI SRA toolkit's fastq-dump program: fastg-dump --split-spot --fasta 80 -l accession. Data sets with
paired-end reads were concatenated into a single file. No additional preprocessing was performed.

In more detail, we used two data sets from rivers, River1 (https://www.ncbi.nlm.nih.gov/sra/?term=
ERR466320) and River2 (37), one from the seagrass rhizosphere (38), one from the skin (39), one from

TABLE 3 CPU time used for running DIAMOND, Meganizer, and both combined?®
DIAMOND Meganizer DIAMOND+MEGAN

NCBI-nr AnnoTree Ratio NCBl-nr  AnnoTree Ratio NCBI-nr AnnoTree Ratio
125,288 min 61,443 min 2.0 2,241 min 2,404 min 0.9 127,529 min 63,847 min 2.0
aSummarizing all 10 data sets, we show the CPU time used for running DIAMOND, Meganizer, and both

combined during either an NCBI-nr run (restricted to prokaryotic sequences) or an AnnoTree run of the
DIAMOND+MEGAN pipeline.
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TABLE 4 SRA run ID, sequencing platform, read layout, and total number of reads

Data set SRA run ID Platform Layout Total no. of reads
River1 ERR466320 LS454 Single 646,178
River2 SRR8859111 lumina Paired 129,753,222
Seagrass SRR6350025 llumina Paired 98,260,754
Skin ERR2538467 llumina Single 22,827,626
Stool ERR2641811 llumina Paired 33,214,614
Soil SRR7521491 lumina Paired 97,595,185
Thermal pools SRR6344961 lllumina Paired 52,908,626
Bioreactor1 SRR9831403 lllumina Paired 99,998,110
Bioreactor2 SRR8313048 llumina Paired 44,258,996
Bioreactor3 SRR8305972 ONT Single 694,827

the stool (40), one from the soil (41), one from thermal pools (42), and three from bioreactors
(Bioreactor1 [43], Bioreactor2 [44], and Bioreactor3 [44]). Nine of the 10 data sets consist of short reads,
whereas the last data set consists of ONT MinION long reads.

Protein reference databases. The NCBI-nr protein database was downloaded in January 2021 from
the NCBI FTP site using the link ftp://ftp.ncbi.nlm.nih.gov/blast/db/FASTA/nr.gz. We also downloaded
the two files protaccession2taxid.gz (ftp://ftp.ncbi.nlm.nih.gov/pub/taxonomy/accession2taxid/prot
.accession2taxid.gz) and nodes.dmp (ftp://ftp.ncbi.nim.nih.gov/pub/taxonomy/taxdmp.zip).

A DIAMOND index was then generated using the following command (requiring 150 CPU minutes):
diamond makedb --in nr.gz -d nr --taxonmap prot.accession2taxid.gz --taxonnodes nodes.dmp.

For both the AnnoTree Bacteria database and the AnnoTree Archaea database, we downloaded MySQL
dump files (version of 25 August 2020) from the AnnoTree Bitbucket repository (https:/bitbucket.org/
doxeylabcrew/annotree-database/src/master/). These files were then imported into a MySQL server (version
5.7.35). The databases each have 21 tables, which hold information on the AnnoTree hierarchy, the GTDB
taxonomy, the NCBI taxonomy, protein sequences, and additional mappings to Pfam, TIGRFAMs, and KEGG.

For each sequence in the “protein_sequences” table, we constructed a unique two-part accession string
by concatenating its “gene_id” and “gtdb_id" values. For example, the protein sequence with gene identi-
fier (ID) AE009439_1_1 and GTDB genome ID GB_GCA_000007185_1 was given the two-part accession
AE009439_1_1__GB_GCA_000007185_1.

These accessions and the corresponding protein sequences (from both databases) were written to a
FastA file, annotree.fasta, which we make available at https://software-ab.informatik.uni-tuebingen.de/
download/megan-annotree.

A DIAMOND index was then generated using the following command (requiring 33 CPU minutes):
diamond makedb --in annotree.fasta.gz -d annotree.

MEGAN mapping databases. We use the term “meganization” to refer to the process of analyzing
the alignments of a set of sequences so as to perform taxonomic binning (for example, using the naive
LCA algorithm for short reads or the interval-union LCA for long reads) and functional binning (usually
using a best-hit approach). Meganization of DIAMOND alignments is performed either interactively
using MEGAN or in a command-line fashion using the daa-meganizer program, which is bundled with
MEGAN.

To perform meganization, MEGAN requires a so-called mapping database. This is an SQLite database
file that contains a mapping of protein sequence accessions to all used taxonomical and functional classifi-
cations, namely, the NCBI taxonomy, the GTDB taxonomy, EC, EGGNOG, INTERPRO families, KEGG (MEGAN
Ultimate Edition), and SEED. For NCBI-nr runs, we used the mapping database megan-map-Jul2020-2-
ue.db, which we downloaded from https:/software-ab.informatik.uni-tuebingen.de/download/megan6.

For AnnoTree runs, we created a new mapping database, called megan-mapping-annotree-June-
2021.db, in SQLite format. This file is available at https://software-ab.informatik.uni-tuebingen.de/
download/megan-annotree.

We used the above-described two-part accessions as the primary key for the mapping table. We
determined the other entries of the mapping table as follows. The value for the GTDB and NCBI taxono-
mies were obtained from the “node_tax” tables of the two MySQL databases described above, using the
gtdb_id part of the two-part accession.

The value for the KEGG classification was obtained from the “kegg_top_hits” tables of the two
MySQL databases, using the gene_id part of the two-part accession. In the case that there is more than
one possible KEGG assignment for a given protein, we randomly selected one. This was necessary
because MEGAN allows at most one assignment per reference sequence. Both GTDB and KEGG IDs were
additionally formatted to match the format required by MEGAN.

We calculated entries for the other classifications supported by MEGAN (EC, EGGNOG, INTERPRO, and
SEED) by performing a join on the MD5 hash values of the protein sequences in the NCBI-nr and AnnoTree
protein databases, in other words, by copying the classifications of an NCBI-nr accession over to an
AnnoTree two-part accession whenever the two accessions correspond to the same protein sequence. We
list the number of accessions that have assignments in the different classifications in Table 5.

For most functional classifications, the number of AnnoTree proteins with assignments is smaller
than that for NCBI-nr proteins, which is because the AnnoTree assignments are copied from NCBI-nr
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TABLE 5 Number of prokaryotic accessions in NCBI-nr or AnnoTree that have map to a class
in the classification systems?

Classification NCBI-nr (no.) AnnoTree (no.) Ratio
NCBI taxonomy 182,329,414 106,052,079 1.72
GTDB taxonomy 126,956,422 106,052,079 12
EC 4,501,593 2,962,187 1.51
eggNOG 4,274,800 3,506,041 1.21
InterPro 19,748,423 11,069,757 1.78
KEGG 8,218,708° 56,577,432 0.15
SEED 31,117,272 16,183,436 1.92

aFor two different taxonomical classifications (NCBI and GTDB) and for five different functional classifications (EC,
EGG, InterPro, KEGG, and SEED) supported by MEGAN, we report the number of prokaryotic accessions in NCBI-
nror AnnoTree that have a mapping to a class in the classification and the corresponding ratio.

®MEGAN ultimate edition.

assignments. In the case of KEGG, the assignments are obtained from the AnnoTree database, which
appears to maintain a much richer mapping than previously provided by MEGAN.

Data set processing. We ran DIAMOND (v2.0.4.142) on each short-read data set as diamond blastx
-d (index) -q (input) -o (output) -f 100 -b24 -c1. Here, (index) is the index file, either annotree or nr,
computed as described above. The input file, in (compressed) FastA or FastQ format, is specified by
(input), and the output file is specified by (output). We used -f 100 to specify output in DAA format. The
two remaining options, -b24 -c1, were used in an attempt to tune performance.

In addition, for purposes of comparison against the AnnoTree database, when running DIAMOND on
NCBI-nr, we used the option -taxonlist 2,2157 to restrict alignment to bacteria (taxon ID 2) and archaea
(taxon ID 2157).

When processing long reads, we also specified the -long-reads option.

The resulting DAA files were meganized using the daa-meganizer program MEGAN (version 6.21.5,
ultimate edition, built 5 May 2021) as tools/daa-meganizer -i (input) -mdb (mapping). Here, the input
file (input) is a DAA file produced by DIAMOND, and the mapping file (mapping) was either megan-
map-Jul2020-2-ue.db or megan-mapping-annotree-June-2021.db, depending on whether the DIAMOND
run was against the NCBI-nr or AnnTree protein database, respectively. When processing long reads, we
also specified the -Ig option.

Data comparison. We used the MEGAN tool daa2info to extract the mapping of reads to taxonomic
and functional classes obtained in both the NCBI-nr and AnnoTree runs of the DIAMOND+MEGAN
pipeline.

The following command was used to extract the mapping of reads to classes for all classifications:
tools/daa2info -i (input) -o (output) -l -m -r2c Taxonomy GTDB KEGG EC EGGNOG INTERPRO2GO SEED.
Here, the input file (input) is a meganized DAA file and the output file (output) is a text file. The output
was used to determine the assignment rates for different classifications.

Similarly, the following command was used to extract the mapping of reads to taxonomic paths in
the NCBI taxonomy: tools/daa2info -i (input) -o (output) -I -m -r2c Taxonomy -p true -r true. The output
was used to generate Fig. 2.

The following command was used to extract the mapping of reads to taxonomic paths in the GTDB
taxonomy: tools/daa2info -i (input) -o (output) -I -m -r2c GTDB -p true -r true. The output was used to
generate Fig. 3.

Computational resources. The DIAMOND+MEGAN pipeline was run on a Linux virtual machine
(provided to us by de.NBI Cloud, highmem xlarge) with Ubuntu 18.04.4 LTS operating system, Intel Xeon
Gold 6140 CPU, 2.30 GHz (processor model name), 28 sockets, 1 core per socket, 1 thread per core, 28
CPUs (on-line CPU list: 0 to 27), 504 GB of RAM, and 6 TB of hard disk space. Reported run times are
“user time” as calculated using the Linux “time” command. Furthermore, for MEGAN, the RAM size was
set to 500 GB. All other calculations were undertaken on a MacBookPro laptop with a 2.6-GHz 6-core (12
threads) Intel Core i7 processor and 16 GB 2400-MHz DDR4 RAM.

Statistical analysis. Spearman’s correlations were computed using ggplot2 (45).

Data availability. All data sets analyzed here are publicly available from NCBI SRA, using the acces-
sion numbers listed in Table 4. The AnnoTree protein FastA file and mapping database both can be
downloaded from https://software-ab.informatik.uni-tuebingen.de/download/megan-annotree.
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