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Abstract

Motivation: Microbial communities have a profound impact on both human health and various environments. Viruses infecting bacteria, known
as bacteriophages or phages, play a key role in modulating bacterial communities within environments. High-quality phage genome sequences
are essential for advancing our understanding of phage biology, enabling comparative genomics studies and developing phage-based diagnostic
tools. Most available viral identification tools consider individual sequences to determine whether they are of viral origin. As a result of challenges
in viral assembly, fragmentation of genomes can occur, and existing tools may recover incomplete genome fragments. Therefore, the identifica-
tion and characterization of novel phage genomes remain a challenge, leading to the need of improved approaches for phage genome recovery.

Results: \We introduce Phables, a new computational method to resolve phage genomes from fragmented viral metagenome assemblies.
Phables identifies phage-like components in the assembly graph, models each component as a flow network, and uses graph algorithms and
flow decomposition techniques to identify genomic paths. Experimental results of viral metagenomic samples obtained from different
environments show that Phables recovers on average over 49% more high-quality phage genomes compared to existing viral identification tools.
Furthermore, Phables can resolve variant phage genomes with over 99% average nucleotide identity, a distinction that existing tools are unable
to make.

Availability and implementation: Phables is available on GitHub at https://github.com/Vini2/phables.

especially in the human body’s niche areas. For example, phages
residing in the human gut have a strong influence on human
health (Lusiak-Szelachowska et al. 2017) and impact gastroin-
testinal diseases such as inflammatory bowel disease (IBD)
(Norman et al. 2015). To date, our understanding of the diver-
sity of phages is limited, as most have not been cultured due to
the inherent difficulty of recovering phages from their natural
environments. Although countless millions of phage species are
thought to exist, only 26 048 complete phage genomes have
been sequenced according to the INfrastructure for a PHAge
REference Database (INPHARED) (Cook et al. 2021) (as of the

1 Introduction

Bacteriophages (hereafter ‘phages’) are viruses that infect bacte-
ria, which influence microbial ecology and help modulate micro-
bial communities (Edwards and Rohwer 2005, Rodriguez-
Valera et al. 2009). Phages are considered the most abundant bi-
ological entity on earth, totalling an estimated 10! particles
(Comeau et al. 2008). Since their discovery by Frederick Twort
in 1915 (Twort 1915), phages have been isolated from many di-
verse environments (Keen 2015). When sequencing technologies
were first developed, phage genomes were the first to be se-

quenced due to their relatively small genome size (Sanger et al.
1977). With the advent of second-generation sequencing tech-
nologies, the first metagenomic samples to be sequenced were
phages (Breitbart ef al. 2002). The availability of advanced se-
quencing technologies has facilitated the investigation of the
effects of phages on the functions of microbial communities,

September 2023 update).

Metagenomics has enabled the application of modern se-
quencing techniques for the culture-independent study of mi-
crobial communities (Hugenholtz et al. 1998). Metagenomic
sequencing provides a multitude of sequencing reads from the
genetic material in environmental samples that are composed
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of a mixture of prokaryotic, eukaryotic, and viral species.
Metagenomic analysis pipelines start by assembling sequenc-
ing reads from metagenomic samples into longer contiguous
sequences that are used in downstream analyses. Most meta-
genome assemblers (Peng et al. 2011, Namiki et al. 2012, Li
et al. 2015, Nurk et al. 2017) use ‘de Bruijn graphs’ (Pevzner
et al. 2001) as the primary data structure where they break se-
quencing reads into smaller pieces of length k, known as k-
mers, and represent (k — 1)-mers as vertices and k-mers as
edges. After performing several simplification steps, the final
‘assembly graph’ represents sequences as vertices and connec-
tion information between these sequences as edges (Nurk
et al. 2017, Mallawaarachchi et al. 2020a). Non-branching
paths in the assembly graph (paths where all vertices have an
in-degree and out-degree of one, except for the first and last
vertices) are referred to as ‘unitigs’ (Kececioglu and Myers
1995). Unitigs are entirely consistent with the read data and
belong to the final genome(s). Assemblers condense unitigs
into individual vertices and resolve longer optimized paths
through the branches into contiguous sequences known as
‘contigs’ (Bankevich et al. 2012). As the contextual and conti-
guity information of reads is lost in de Bruijn graphs, muta-
tions in metagenomes with high strain diversity appear as
‘bubbles’ in the assembly graph where a vertex has multiple
outgoing edges (branches) which eventually converge as in-
coming edges into another vertex (Pevzner et al. 2001, 2004).
Assemblers consider these bubbles as errors and consider one
path of the bubble corresponding to the dominant strain
(Bankevich et al. 2012) or terminate contigs prematurely (Li
et al. 2015). Moreover, most metagenome assemblers are
designed and optimized for bacterial genomes and fail to re-
cover viral populations with low coverage and genomic
repeats (Roux et al. 2017, Sutton et al. 2019). However, pre-
vious studies have shown that contigs connected to each other
are more likely to belong to the same genome
(Mallawaarachchi et al. 2020a,b, 2021). Hence, the assembly
graph retains important connectivity and neighbourhood in-
formation within fragmented assemblies. This concept has
been successfully applied to develop tools such as GraphMB
(Lamurias et al. 2022), MetaCoAG (Mallawaarachchi and
Lin 2022a,b), and RepBin (Xue et al. 2022), where the assem-
bly graphs are utilized in conjunction with taxonomy-
independent metagenomic binning methods to recover high-
quality metagenome-assembled genomes (hereafter MAGs) of
bacterial genomes. Moreover, assembly graphs have been
used for bacterial strain resolution in metagenomic data
(Quince et al. 2021). However, limited studies have been con-
ducted to resolve phage genomes in metagenomic data, partic-
ularly in viral-enriched metagenomes.

Computational tools have enabled large-scale studies to re-
cover novel phages entirely from metagenomic sequencing data
(Simmonds et al. 2017) and gain insights into interactions with
their hosts (Nayfach et al. 2021b, Roach et al. 2022b, Hesse
et al. 2022). While exciting progress has been made towards
identifying new phages, viral dark matter remains vast. Current
methods are either too slow or result in inaccurate or incomplete
phage genomes. Generating high-quality phage genomes via de
novo metagenome assembly is challenging due to the modular
and mosaic nature of phage genomes (Hatfull 2008, Belcaid
et al. 2010, Lima-Mendez et al. 2011). Repeat regions can result
in fragmented assemblies and chimeric contigs (Casjens and
Gilcrease 2009, Merrill et al. 2016). Hence, current state-of-the-
art computational tools rely on the combination of either more
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conservative tools based on sequence- and profile-based screen-
ing [e.g. MetaPhinder (Jurtz et al. 2016)] or machine learning
approaches based on nucleotide signatures [e.g. Seeker
(Auslander et al. 2020), refer to Supplementary Table S1 in
Section S1]. Resulting predictions are then evaluated using tools
such as CheckV (Nayfach et al. 2021a) and VIBRANT (Kieft
et al. 2020) to categorize the predicted phages based on their
completeness, contamination levels, and possible lifestyle (viru-
lent or temperate) (McNair et al. 2012). Due to the supervised
nature of the underlying approaches, most of these tools cannot
characterize novel viruses that are significantly different from
known viruses. Moreover, the approach used by these tools can
be problematic with fragmented assemblies where contigs do
not always represent complete genomes. In an attempt to ad-
dress this limitation, tools such as MARVEL (Amgarten et al.
2018) and PHAMB (Johansen et al. 2022) were developed to
identify viral metagenome-assembled genomes (VMAGs) of
phages from metagenomic data. These programs rely on existing
taxonomy-independent metagenomic binning tools such as
MetaBAT2 (Kang et al. 2019) or VAMB (Nissen et al. 2021)
and attempt to predict viral genome bins from this output using
machine learning techniques.

Metagenomic binning tools are designed to capture nucleotide
and sequence coverage-specific patterns of different taxonomic
groups; therefore, sequences from viruses with low and uneven
sequence coverage are often inaccurately binned. Many metage-
nomic binning tools filter out short sequences [e.g. shorter than
1500 bp (Kang et al. 2019)], which further result in the loss of
essential regions in phage genomes that are often present as
short fragments in the assembly (Casjens and Gilcrease 2009).
Moreover, most metagenomic binning tools struggle to distin-
guish viruses from genetically diverse populations with high
strain diversity and quasispecies dynamics. These tools do not
resolve the clustered sequences into contiguous genomes and the
bins produced often contain a mixture of multiple strains result-
ing in poor-quality MAGs (Meyer et al. 2022). Existing solu-
tions developed for viral quasispecies assembly only consider
one species at a time (Baaijens et al. 2020, Freire et al. 2021,
2023) and cannot be applied to complex metagenomes. Despite
the recent progress, it is challenging for currently available tools
to recover complete high-quality phage genomes from metage-
nomic data, and a novel approach is required to address this is-
sue. The use of connectivity information from assembly graphs
could overcome these challenges [as shown in previous studies
on bacterial metagenomes (Lamurias et al. 2022,
Mallawaarachchi and Lin 2022a, 2022b)] to enable the recovery
of high-quality phage genomes.

In this article, we introduce Phables, a software tool that
can resolve phage genomes from viral metagenome assemblies.
First, Phables identifies phage-like components in the assembly
graph using conserved genes. Second, using read mapping in-
formation, graph algorithms and flow decomposition techni-
ques, Phables identifies the most probable combinations of
varying phage genome segments within a component, leading
to the recovery of accurate phage genome assemblies (Fig. 1).
We evaluated the quality of the resolved genomes using differ-
ent assessment techniques and demonstrate that Phables pro-
duces complete and high-quality phage genomes.

2 Materials and methods

Figure 1 presents the overall workflow of Phables. Reads
from single or multiple viral metagenomic samples are
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Figure 1. Phables workflow. Preprocessing: assemble reads, obtain the assembly graph and read mapping information, and identify unitigs with PHROGs
and bacterial single-copy marker genes. Step 1: Identify phage components from the initial assembly. Step 2: For each phage component, represent the
assembly graph, determine the flow paths and retrieve the genomic paths. Finally, output phage genomes and related information.

assembled, and the assembly graph and read mapping infor-
mation are obtained. The unitig sequences from the assembly
graph are extracted and screened for Prokaryotic Virus
Remote Homologous Groups (PHROGs) (Terzian et al.
2021) and bacterial single-copy marker genes. Phables identi-
fies sub-graphs known as ‘phage components’ and resolves
separate phage genomes from each phage component. Finally,
Phables outputs the resolved phage genomes and related in-
formation. Each step of Phables is explained in detail in the
following sections.

2.1 Preprocessing

The preprocessing step performed by Phables uses an assem-
bly graph and generates the read mapping information and
the gene annotations required for Step 1 in the workflow. We
recommend Hecatomb (Roach et al. 2022a) to assemble the
reads into contigs and obtain the assembly graph. However,
Phables can work with any assembly graph in the Graphical
Fragment Assembly (GFA) format.

The unitig sequences are extracted from the assembly
graph, and the raw sequencing reads are mapped to the uni-
tigs using Minimap2 (Li 2018) and Samtools (Li et al. 2009).
Phables uses CoverM (https://github.com/wwood/CoverM)
[available from Koverage (https:/github.com/beardymcjohn
face/Koverage)| to calculate the read coverage of unitigs, us-
ing the reads from all samples, and records the mean coverage
(the average number of reads that map to each base of the
unitig).

Phables identifies unitigs containing PHROGs (Terzian
et al. 2021). PHROGs are viral protein families commonly
used to annotate prokaryotic viral sequences. MMSeqs2
(Steinegger and Soding 2017) is used to identify PHROGs in
unitigs using an identity cutoff of 30% and an e-value of less
than 107! (by default).

Next, Phables identifies unitigs containing bacterial single-
copy marker genes. Most bacterial genomes have conserved
genes known as single-copy marker genes (SMGs) that appear
only once in a genome (Dupont et al. 2012, Albertsen et al.
2013). FragGeneScan (Rho et al. 2010) and HMMER (Eddy
2011) are used to identify sequences containing SMGs. SMGs
are considered to be present if more than 50% (by default) of
the gene length is aligned to the unitig. The list of SMGs is
provided in Supplementary Table S2 in Section S2.

2.2 Step 1: Identify phage components

Phables identifies components from the final assembly graph
where all of its unitigs do not have any bacterial SMGs (iden-
tified from the preprocessing step) and at least one unitig con-
tains one or more genes belonging to a PHROG for at least
one of the PHROG categories: ‘head and packaging’, ‘connec-
tor’, ‘tail’ and ‘lysis’, which contain known phage structural
proteins and are highly conserved in tailed phages (Auslander
et al. 2020) (refer to Supplementary Fig. S1 in Section S3 for
an analysis of the PHROG hits to all known phage genomes).
The presence of selected PHROGs ensures the components
are phage-like and represent potential phage genomes. The
absence of bacterial SMGs further ensures that the
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components are not prophages. These identified components
are referred to as ‘phage components’. Components that are
comprised of a single circular unitig (the two ends of the uni-
tig overlap) or a single linear unitig and that satisfy the above
conditions for genes are considered phage components only if
the unitig is longer than the predefined threshold ‘minlength’
that is set to 2000 bp by default, as this is the approximate
lower bound of genome length for tailed phages (Luque et al.
2020).

2.3 Step 2: Represent assembly graphs of phage
components and obtain genomic paths

2.3.1 Step 2a: Represent the assembly graph

Following the definitions from STRONG (Quince et al.
2021), we define the assembly graph G = (V,E) for a phage
component where V. =1,2,3,...,|V] is a collection of verti-
ces corresponding to unitig sequences that make up a phage
component and directed edges E € V x V represent connec-
tions between unitigs. Each directed edge (u9" — v%) is de-
fined by a starting vertex ‘minlength’ and an ending vertex v
(the arrow denotes the direction of the overlap), where
di,ds € {+,—} indicates whether the overlap occurs between
the original sequence, indicated by a + sign or its reverse com-
plement, indicated by a — sign.

The weight of each edge (u¥' — v%) irrespective of the ori-
entation of the edge, termed w,(# — v) is set to the minimum
of the read coverage values of the two unitigs # and v. We
also define the confidence of each edge (#% — v®) irrespec-
tive of whether the overlap occurs between the original se-
quence or its reverse complement, termed c.(# — v) as the
number of paired-end reads spanning across (# — v). Here,
the forward read maps to unitig # and the reverse read
maps to unitig v. We also define the confidence of paths (¢ —
u — v) termed ¢,(t — u — v) as the number of paired-end
reads spanning across (+ — u — v). Here, the forward read
maps to unitig ¢ and the reverse read maps to unitig v. Paired-
end information has been used in previous studies for assem-
bling viral quasispecies to untangle assembly graphs (Freire
et al. 2023). Moreover, paired-end reads are widely used in
manual curation steps to join contigs from metagenome as-
semblies and extend them to longer sequences (Chen et al.
2020). The more paired-end reads map to the pair of unitigs,
the more confident we are about the overlap represented by
the edge (refer to Supplementary Fig. S2 in Section S4 for
histograms of edge confidence).

2.3.2 Step 2b: Determine flow paths

Phables models the graph of the phage component as a flow
decomposition problem and obtains the genomic paths with
their corresponding coverage values. We define three cases

@ (b) (c)

N .

Figure 2. Cases of phage components. (a) Case 1 represents a phage
component with one circular or linear unitig. (b) Case 2 represents a
phage component with two circular unitigs connected to each other. (c)
Case 3 represents a phage component that is more complex with multiple
unitigs and multiple paths.
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based on the number and arrangement of unitigs present in
the phage component as shown in Fig. 2.

Case 1: When the phage component has only one circular
or linear unitig longer than the predefined threshold
‘minlength’, Phables considers this unitig as one genome. The
genomic path is defined as the unitig sequence itself.

Case 2: The phage components in Case 2 have two circular
unitigs connected together where at least one is longer than
the predefined threshold ‘minlength’. This is an interesting
case as the shorter unitig corresponds to the ‘terminal repeats’
of phages. Some phages have double-stranded repeats at their
termini which are a few hundred base pairs in length and are
exactly the same in every virion chromosome (i.e. they are not
permuted) (Casjens and Gilcrease 2009). The terminal repeats
are generated by a duplication of the repeat region in concert
with packaging (Chung et al. 1990, Zhang and Studier 2004)
(refer to Supplementary Fig. S3 in Section S5). This type of
end structure could be overlooked when a phage genome se-
quence is determined by shotgun methods because sequence
assembly can merge the two ends to give a circular sequence.
Phables successfully resolves these terminal repeats to form
complete genomes. To resolve the phage component in Case
2, we consider the shorter unitig as the terminal repeat. Now
we combine the original sequence of the terminal repeat to the
beginning and end of the longer unitig (refer to
Supplementary Fig. S3 in Section S5). The coverage of the
path will be set to the coverage of the longer unitig.

Case 3: In Case 3, we have more complex phage compo-
nents where there are more than two unitigs forming branch-
ing paths, and we model them as a minimum flow
decomposition (MFD) problem. The MFD problem decom-
poses a directed acyclic graph (DAG) into a minimum number
of source-to-sink (s — t) paths that explain the flow values of
the edges of the graph (Vatinlen et al. 2008, Dias et al. 2022).
The most prominent applications of the MFD problem in bio-
informatics include reconstructing RNA transcripts (Tomescu
et al. 2013, Shao and Kingsford 2017, Gatter and Stadler
2019) and viral quasispecies assembly (Baaijens et al. 2020).
The MFD problem can be solved using integer linear pro-
gramming (ILP) (Schrijver 1998).

In the viral metagenomes, we have identified structures con-
taining several phage variant genomes, that are similar to viral
quasispecies often seen in RNA viruses (Domingo and Perales
2019). Hence, Phables models each of the remaining phage
components as an MFD problem and uses the minimum flow
decomposition using integer linear programming (MFD-ILP)
implementation from Dias et al. (2022). MFD-ILP finds a
flow decomposition FD(P,w) with a set of s — ¢ flow paths P
and associated weights w such that the number of flow paths
is minimized. These flow paths represent possible genomic
paths. An example of a phage component with possible paths
is shown in Fig. 3.

First, we convert the assembly graph of the phage compo-
nent into a DAG. We start by removing ‘dead-ends’ from G.
We consider a vertex to be a dead-end if it has either no in-
coming edges or no outgoing edges, which arise due to errors
at the start or end of reads that can create protruding chains
of deviated edges (Bankevich et al. 2012). Dead-ends are par-
ticularly problematic in later steps of Phables as they can af-
fect the continuity of genomic paths. Hence, their removal
ensures that all the possible paths in the graph form closed
cycles. We eliminate dead-ends by recursively removing verti-
ces with either no incoming edges or no outgoing edges. Note
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Figure 3. Modelling of an example Case 3 phage component. Example of a Case 3 phage component (a) being modelled as a graph, a flow network and

resolved into paths denoted using (b) flow network visualization with flow values, (c) graph visualization with directed edges, and (d) Bandage (Wick et al.
2015) visualization (with corresponding unitig numbers). Here, three s — t flow paths (1 -2 — 3,1 — 2 — 4, and 1 — 5) can be obtained corresponding
to three phage genomes. The thick black arrows in B to D denote the resolution into three paths.

that removing one dead-end can cause another vertex that is
linked only to the removed one to become a dead-end, hence
the removal process is done recursively.

Since a Case 3 phage component forms a cyclic graph as
shown in Fig. 3a, we have to identify a vertex to represent the
source/sink (referred to as st) in order to convert the graph to
a DAG and model it as a flow network. Starting from every
vertex (‘source’), we conduct a breadth-first-search and iden-
tify an iterator, (level, vertices), where ‘vertices’ is the non-
empty list of vertices at the same distance ‘level’ from the
‘source’. The method that generates this iterator is known as
bfs_layers and we use the NetworkX implementation (https:/
networkx.org/documentation/stable/reference/algorithms/).
We extract the vertices in the final layer and check if their suc-
cessors are equal to ‘source’. If this condition holds for some
vertex in G, we consider this vertex to be the st vertex. If
more than one vertex satisfies the condition to be a st vertex,
then we pick the vertex corresponding to the longest unitig as
the st vertex. This process is carried out to find a vertex com-
mon to the flow paths (refer to Supplementary Algorithm S1
in Section S6). As an example, consider vertex 1 in Fig. 3a.
When we do a breadth-first-search starting from vertex 1, the
vertices in the last layer in our iterator will be 3 and 4. The

successor of both 3 and 4 is vertex 1. Since the successors of
the vertices in the last layer are the same as the starting vertex,
we consider vertex 1 as the st vertex.

The edges of G that are weighted according to unitig cover-
age, may not always satisfy the conservation of flow property
because of uneven sequencing depths at different regions of
the genomes (Peng et al. 2011). Hence, we use inexact flow
networks that allow the edge weights to belong to an interval.
Once we have identified a st vertex, we separate that vertex
into two vertices for the source s and sink ¢. We create an in-
exact flow network Gy = (V,E,f,f) from s to ¢t and model
the rest of the vertices and edges in G. For example, in Fig. 3b
vertex 1 is broken into two vertices s and ¢, and the network
flows from s to ¢. For every edge (u — v) € E, we have associ-
ated two positive integer values f,, € f and f,, € f, satisfying
fur < fop> Where o, = wo(u — v), £, = |0 X COVpax ], 2 > 1
is the coverage multiplier parameter (1.2 by default) and
COVpax is the maximum coverage of a unitig in the phage com-
ponent. In Fig. 3b, each edge has two values (f,,,f ,,) that de-
fine the flow interval for the inexact flow network Gy. This
modelling ensures that the flow through each edge is bounded
by a relaxed interval between the edge weight and the maxi-
mum coverage within the component. For example, in Fig. 3b,
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the edge (2 — 3) has a weight of 4 (which is the minimum of
the read coverage values of the two unitigs 2 and 3 obtained
from Step 2a). Here, « = 1.2 and covjue = 9 for the compo-
nent, so we set f,,, = 4 and f,, = 10.

Next, we define a set of simple paths R = {Ry, Ry,
Rs,...,R;}, where the edges that form each path have paired-
end reads spanning across them, i.e. c.(u — v) > mincov
(mincov = 10 by default). Enforcing these paths to contain
paired-end reads ensures that genuine connections are identi-
fied and reflected in at least one decomposed path. For exam-
ple, in Fig. 3b, the edge (2 — 3) has 10 paired-end reads
spanning across the edge. Hence, we add the path Ry = (2, 3)
to R. Moreover, for a path (¢ — u — v) passing through the
junction u# (where the in-degree and out-degree are non-zero),
we add the path R;=(t,u,v) to R, if ¢)(t > u—v)>
mincov or if [w,(t — u) — w,(u — v)| is less than a predefined
threshold cov;ojerance (100 by default). This allows Phables to
specify longer subpaths across complex junctions.

Now we model our inexact flow network G as a minimum
inexact flow decomposition (MIFD) problem and determine a
minimum-sized set of s — ¢ paths P = (P1, P2, Ps3,...,P;) and
associated weights W = (W, W, W3, ..., W;) with each w; €
Z™" where the following conditions hold.

D) fu < et kysiuper, Wi < fu¥(u,v) € E
2) VR; € R,3P; € P such that R; is a subpath of P;

A path P; will consist of unitigs with orientation information.
The weight w; will be the coverage of the genome represented by
the path P;.

2.3.3 Step 2c: Retrieve genomic paths

The flow paths obtained from Cases 1 and 2 described in the
previous section are directly translated to genomic paths based
on the unitig sequences. In Case 3, we get s — ¢ paths from the
flow decomposition step (as shown in Fig. 3b). The paths longer
than the predefined threshold ‘minlength’ and have a predefined
coverage threshold of ‘mincov’ (10 by default) or above are
retained. For each remaining path, we remove ¢ from the path as
s and ¢ are the same vertex and combine the nucleotide
sequences of the unitigs corresponding to the vertices and the
orientation of edges in the flow path (refer to Fig. 3¢ and d).
Once the genomic paths of phage components are obtained, we
record the constituent unitigs, path length (in bp), coverage
(i.e. the flow value of the path), and the guanine-cytosine (GC)
content of each genomic path.

3 Experimental design
3.1 Simulated phage dataset

We simulated reads from the following four phages with the
respective read coverage values and created a simulated phage
dataset (referred to as ‘simPhage’) to evaluate Phables.

1) Enterobacteria phage P22 (AB426868) - 100x

2) Enterobacteria phage T7 (NC_001604) - 150x

3) Staphylococcus phage SAP13 TA-2022 (ON911718) -
200x

4) Staphylococcus phage SAP2 TA-2022 (ON911715) -
400x

The Staphylococcus phage genomes have an average nucleo-
tide identity (ANI) of 96.89%. Paired-end reads were simulated
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using InSilicoSeq (Gourlé et al. 2019) with the predefined MiSeq
error model. We used metaSPAdes (Nurk et al. 2017)
from SPAdes version 3.15.5 to assemble the reads into contigs
and obtain the assembly graph for the simPhage dataset.
Supplementary Tables S3 and S5 in Section S7 summarize the
details of the simulations and assemblies.

3.2 Real datasets

We tested Phables on the following real viral metagenomic data-
sets available from the National Center for Biotechnology
Information (NCBI).

1) Water samples from Nansi Lake and Dongping Lake in
Shandong Province, China (NCBI BioProject number
PRJNA756429), referred to as ‘Lake Water’

2) Soil samples from flooded paddy fields from Hunan
Province, China (NCBI BioProject number PR]NA866269),
referred to as ‘Paddy Soil’

3) Wastewater virome (NCBI  BioProject
PRJNA434744), referred to as “Wastewater’

4) Stool samples from patients with IBD and their healthy
household controls (NCBI BioProject number PRJEB7772)
(Norman et al. 2015), referred to as ‘IBD’

number

All the real datasets were processed using Hecatomb ver-
sion 1.0.1 to obtain a single assembly graph for each dataset
(Roach et al. 2022a). Supplementary Tables S3-S5 in Section
S7 summarize the information about the datasets and their
assemblies.

3.3 Tools benchmarked

We benchmarked Phables with PHAMB (Johansen et al.
2022) (version 1.0.1), a viral identification tool that pre-
dicts whether MAGs represent phages and outputs genome
sequences. PHAMB takes binning results from a metage-
nomic binning tool and predicts bins that contain bacterio-
phage sequences. The MAGs for PHAMB were obtained by
running VAMB (version 3.0.8), a binning tool that does not
rely on bacterial marker genes, in co-assembly mode on the
original contigs with the author-recommended parameter --
minfasta 2000 and the --cuda flag. The commands
used to run all the tools can be found in Supplementary
Section S8.

3.4 Evaluation criteria

3.4.1 Evaluation criteria for binning tools

The resolved genomes from Phables and identified MAGs
from PHAMB were evaluated using CheckV version 1.0.1
(Nayfach er al. 2021a) (with reference database version 1.5)
which compares bins/genomes against a large database of
complete viral genomes. We compare the following metrics
from the CheckV results.

1) CheckV viral quality

2) Completeness of sequences—number of sequences with
>90% completeness

3) Contamination of sequences—number of sequences with
< 10% contamination

4) The number and length distribution of sequences with
the following warnings
a) Contig >1.5x longer than expected genome length
b) High kmer_freq may indicate a large duplication
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Since PHAMB predicts all viral bins, we only consider the
bins from PHAMB that contain the contigs corresponding to
the unitigs recovered by Phables for a fair comparison.

3.4.2 Evaluation criteria for resolved genomes

The number of components resolved by Phables for each case
was recorded. The viral quality of the resolved genomes and
the unitigs and contigs contained in the corresponding geno-
mic paths were evaluated using CheckV (Nayfach et al.
2021a). Since the reference genomes for the simPhage dataset
were available, we evaluated the resolved genomes using
metaQUAST (Mikheenko et al. 2016).

4 Results
4.1 Benchmarking results on the simulated phage
dataset

We first benchmarked Phables using the simPhage dataset.
We evaluated the resolved phage genomes using metaQUAST
(Mikheenko et al. 2016). We analysed the genome coverage
reported from metaQUAST and the average coverage values
reported by Phables. Figure 4 denotes the Bandage (Wick
et al. 2015) visualization of the assembly graph from the
simPhage dataset and how Phables resolved the complex Case
3 component containing the two Staphylococcus phages.

Phables recovered the two Staphylococcus phage genomes
with over 92% genome coverage (refer to Table 1). The
slightly low genome coverage for Staphylococcus phage
SAP2 TA-2022 may have been due to the omission of the
dead-end which was not properly assembled. Moreover,
Phables has recovered the circular genome of Enterobacteria
phage P22 and the linear genome of Enterobacteria phage
T7 as well. According to Table 1, the coverage values
reported from Phables are similar or close to the actual sim-
ulated coverage values of the genomes. VAMB failed to run
on this dataset as there were fewer contigs than the
minimum possible batch size and hence PHAMB could not
be run.

4.2 Benchmarking results on the real datasets

Phables resolves unitigs within phage components to produce
multiple complete and high-quality genomes from the viral
metagenomes (Fig. 5). The genome quality of Phables results
was compared with the vYMAG prediction tool PHAMB
(Johansen et al. 2022) and evaluated using CheckV (Nayfach
et al. 2021a). Figure 5 denotes the comparison of length dis-
tributions and bin/genome counts of different CheckV quality
categories for Phables and PHAMB results. Unlike Phables,
PHAMB has produced genomes with longer sequences as
shown in Fig. 3a, c, e, and g, because PHAMB combines all
the contigs in a bin to form one long sequence. As denoted in
Fig. 5b, d, f, and h, Phables has recovered the greatest number
of complete and high-quality genomes combined for all the
datasets; 165 in Lake Water, 389 in Paddy Soil, 55 in
Wastewater, and 2035 in IBD, with 49.54% more genomes re-
covered than PHAMB on average.

Phables accurately recovers short sequences such as termi-
nal repeats that are challenging for metagenomic binning
tools to recover using the assembly graph and produces high-
quality genomes. We observed that VAMB incorrectly binned
the majority of the short sequences, which reduced the quality
of PHAMB results. For example, the repeat sequences in the

7
(a) W
R
Enterobacteria phage P22 [/

Staphylococcus phage SAP13 TA-2022
Staphylococcus phage SAP2 TA-2022

Enterobacteria phage T7

o]e

Figure 4. simPhage assembly graph. Visualization of the (a) assembly
graph from the simPhage dataset with phage components and (b)
resolution of two paths (red and blue) from the Staphylococcus phage
component.

Table 1. Evaluation results for the genomes resolved from Phables for the
simPhage dataset.

Genome Simulated Phables predicted Genome
coverage coverage coverage (%)
P22 100 100 99.947
T7 150 150 99.599
SAP13 TA-2022 200 206 100.00
SAP2 TA-2022 400 401 92.406

Case 2 phage components identified by Phables had a mean
length of 600 bp in Lake Water, 649 bp in Paddy Soil, 511 bp
in Wastewater, and 638bp in IBD datasets (refer to
Supplementary Table S6 in Section S9 for exact lengths of the
sequences). All of these short sequences, except for those from
the IBD dataset were found in a different bin than the bin of
their connected longer sequence in the PHAMB results (8 out
of 8 in Lake Water, 2 out of 2 in Paddy Soil, and 1 out of 1 in
Wastewater). Phables recovered these short repeat sequences
along with their connected longer sequences within a phage
component using the connectivity information of the assem-
bly graph.

Phables resulted in a high number of low-quality genomes
as determined by CheckV in the Wastewater dataset com-
pared to the other datasets (Fig. 5f). A possible reason for this
is that these may be novel phages (as they contain conserved
phage markers even though CheckV categorizes them as ‘low-
quality’ or ‘not-determined’), and so they are not yet present
in the databases that CheckV relies on.
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Figure 5. Comparison of CheckV quality. Genome length distribution (first column of figures) and abundance of genomes (second column of figures)
belonging to different CheckV quality categories identified by Phables (denoted in orange) and PHAMB (Johansen et al. 2022) (denoted in blue) for the

viral metagenomic datasets Lake Water, Paddy soil, Wastewater, and IBD.

PHAMB does not carry out any resolution steps when com-
bining the contigs of identified MAGs, which results in erro-
neous genome structures, high levels of contamination and
duplications within genomes because of the presence of multi-
ple variant genomes. Such duplications are identified from the
warnings reported by CheckV. Hence, we evaluated the num-
ber and length distribution of sequences having CheckV
warnings and the results are shown in Fig. 6. PHAMB
has produced the highest number of genomes with CheckV
warnings and produced some very long genomes
(~ 355-485kb as shown in Fig. 6a and g), suggesting the
combination of two or more variant genomes together in a
bin. Only a few genomes produced from Phables (five or less)
contain CheckV warnings (refer to Supplementary Table S8
in Section S10 for the exact number of genomes with warn-
ings). These results show that Phables accurately recovers var-
iant genomes including regions like terminal repeats from
viral metagenomic samples and produces more high-quality/
complete genomes compared to existing state-of-the-art tools.

4.3 Components resolved and comparison of
resolved genomes

The number of phage components resolved by Phables under
each case was recorded for all the datasets (refer to

Supplementary Table S7 in Section S9 for the exact counts).
Most of the resolved components belong to either Case 1 with
a single circular unitig or Case 2 with the terminal repeat.
When resolving Case 2 components, Phables provides infor-
mation regarding terminal repeats such as the length of the re-
peat region, that will be overlooked by other tools. Except for
the IBD dataset, Phables was able to resolve all the Case 3
phage components from the rest of the datasets. In a few
cases, the Case 3 phage components could not be resolved be-
cause Phables was unable to find a st vertex for these very
complex phage components (refer to Supplementary Fig. S8
in Section S11 for examples of wunresolved phage
components).

Assemblers attempt to resolve longer paths in the assembly
graph by connecting unitigs to form contigs (Bankevich ez al.
2012, Kolmogorov et al. 2019). However, they are still un-
able to resolve complete genomes for complex datasets due to
the mosaic nature of phage genomes and produce fragmented
assemblies. Phables can be used to resolve these problematic
contigs (or unitigs) and obtain high-quality genomes. Figure 7
denotes the comparison of CheckV quality of the genomes re-
solved in Phables and the unitigs and contigs included in the
phage components of Cases 2 and 3. The most complete and
high-quality sequences can be found as genomes (61 and 104
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for Lake Water, 231 and 158 for Paddy Soil, 21 and 34 for
Wastewater, and 62 and 143 for IBD, respectively). In con-
trast, most medium- and low-quality genomes can be found
from contigs and unitigs. Hence, genomes resolved using
Phables have higher quality and will be better candidates for
downstream analysis than contigs.

We compared the similarity between the genomes recovered
within each Case 3 phage component for the IBD dataset us-
ing pyani (Pritchard et al. 2016), pyGenomeViz (https:/
moshi4.github.io/pyGenomeViz/), and MUMmer (Margais
et al. 2018) (refer to Supplementary Section S12 for the de-
tailed results). The ANI analysis revealed that the genomes re-
solved had over 95% ANI with some genomes having over
99% ANI and over 85% alignment coverage. Moreover, as
shown in Supplementary Fig. S10, the mosaic genome struc-
ture can be clearly seen where some unitigs are shared be-
tween genomes and some genomes have unique unitigs.
Depending on the size and location within a specific genome,
these unitigs potentially correspond to functional modules.
Hence, Phables can resolve highly similar variant genomes
with mosaic genome structures that the assemblers and
binning tools are unable to distinguish.

4.4 Phage components from other assembly
methods

We extended our testing of Phables with co-assemblies
obtained from other metagenome assemblers including
metaSPAdes (Nurk ez al. 2017) and MEGAHIT (Li et al.
20135) to show that the components with bubbles observed in
the assembly graph are not an artefact of the assembly ap-
proach used in Hecatomb. Co-assembly is conducted by com-
bining reads from multiple metagenomes and assembling
them together, which increases the sequencing depth and pro-
vides sufficient coverage for low-abundance genomes to be re-
covered (Delgado and Andersson 2022). However, this
becomes a computationally intensive approach as the number
of samples increases, and hence we have limited the results to
just the Lake Water dataset. The results are provided in
Supplementary Section S13 and show that the phage compo-
nent structures are still present in the assemblies and were cor-
rectly resolved by Phables, producing more high-quality
genomes than PHAMB.

4.5 Implementation and resource usage

The source code of Phables was implemented using Python
3.10.12 and is available as a pipeline (including all the prepro-
cessing steps) developed using Snaketool (Roach et al. 2022c).
The commands used to run all the software can be found in
Supplementary Section S8. The running times of Phables core
methods and running times including the preprocessing steps
were recorded for all the datasets and can be found in
Supplementary Tables S10 and S11 in Section S14. The core
methods of Phables can be run in under 2 min with less than
4 gigabytes of memory for all the datasets.

Phables uses a modified version of the MFD-ILP implemen-
tation from Dias et al. (2022) which supports inexact flow de-
composition with subpath constraints. Gurobi version 10.0.2
(https://www.gurobi.com/) was used as the ILP solver. To
reduce the complexity of the ILP solver, the maximum
number of unitigs in a phage component to be solved was
limited to 200.
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5 Discussion

The majority of the existing viral identification tools rely on
precomputed databases and models, only identify whether as-
sembled sequences are of viral origin, and cannot produce
complete and high-quality phage genomes. Viral binning tools
have been able to overcome these shortcomings up to a cer-
tain extent by producing vMAGs, but they are fragmented
and do not represent continuous genomes. Generally, the as-
sembly process produces many short contigs where some rep-
resent regions which while important are challenging to
resolve in phages, such as terminal repeat regions. These short
contigs are discarded or binned incorrectly by binning tools,
producing incomplete MAGs. Moreover, the mosaic genome
structures of phage populations are a widely-documented
phenomenon (Hatfull 2008, Belcaid et al. 2010, Lima-
Mendez et al. 2011), and cannot be resolved by existing
assemblers and binning tools. The resulting MAGs may con-
tain multiple variant genomes assembled together and hence
have high contamination.

Here, we introduce Phables, a new tool to resolve complete
and high-quality phage genomes from viral metagenome as-
semblies using assembly graphs and flow decomposition tech-
niques. We studied the assembly graphs constructed from
different assembly approaches and different assembly soft-
ware and consistently observed phage-like components with
variation (‘phage components’). Phables models the assembly
graphs of these components as a minimum flow decomposi-
tion problem using read coverage and paired-end mapping in-
formation and recovers the genomic paths of different variant
genomes. Experimental results confirmed that Phables recov-
ers complete and high-quality phage genomes with mosaic ge-
nome structures, including important regions such as terminal
repeats. However, Phables can identify certain plasmids as
phages [e.g. ‘phage-plasmids’ (Ravin et al. 1999, Pfeifer ef al.
2021, 2022)] because they can encode proteins homologous
to phage sequences (refer to Supplementary Section S15).
Hence, if users run mixed-microbial communities through
Phables, further downstream analysis is required to ensure
that the predicted genomes do not include plasmids.

Decomposing assembly graphs has become a popular
method to untangle genomes and recover variant genomes
from assemblies and while we have successfully used it to ob-
tain mostly circular phage genomes, further work needs to be
conducted to handle metagenomes of mixed-microbial com-
munities and recover the range of phage genomes. In the fu-
ture, we intend to add support for long-read assemblies from
dedicated metagenome assemblers that will enable Phables to
enforce longer subpaths that will span across more sequences
during the flow decomposition modelling. We also intend to
extend the capabilities of Phables to recover linear phage
genomes from complex components and explore the avenues
for recovering high-quality eukaryotic viral genomes from
metagenomes.
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