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Abstract Assembling genomes from metagenomic data is a challenging task, because of
both the many species coexisting in the samples and the polymorphism within these species.
Most approaches consist in a complete assembly of the metagenome into contigs, that can
then be binned into taxonomic units. On the opposite, we present in that work a targeted
assembly approach in two steps. First, taking advantage of a potentially distant reference
genome, a subset of the metagenomic reads is assembled into specific contigs. Then, using
an enhanced version of the MindTheGap local assembly algorithm, this first draft assembly
1s completed using the whole metagenomic readset in a de novo manner. The resulting
assembly can be output as a genome graph, allowing to distinguish different strains with
potential structural variants coexisting in the sample. MindTheGap was applied to 32
pea aphid re-sequencing samples in order to recover the genome sequence of its obligatory
bacterial symbiont, Buchnera aphidicola. It was able to return high quality assemblies (one
contig assembly in 90% of the samples), even when using increasingly distant reference
genomes, and to retrieve large structural variations in the samples. Due to its targeted
approach, it outperformed standard metagenomic assemblers in terms of both time and
assembly quality. As such, it appears as a promising approach for single genome assembly
from metagenomic data.

License: GNU Affero general public license

Availability: https: // github. com/GATB/ MindTheGap
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1 Introduction

The advances of molecular techniques revealed the importance of microorganisms in every ecosys-
tem. In particular, whole-genome metagenomic sequencing makes it possible to understand the full
functional potential of microbial communities by accessing the whole genomic sequence of both cultur-
able and unculturable microbes. However, extracting relevant information from complex metagenomic
datasets is a challenging task. Current metagenomic datasets are a mixture of short reads originating
from different species. Thus, reconstructing genomes from metagenomic data requires two steps : the
assembly of reads into longer sequences, and the partitioning of sequences based on their taxonomic

origin.
Metagenomic assembly consists in forming contigs prior to the taxonomic binning of sequences.
Many recent software are devoted to this task [1,2,3]. However, because of the high complexity of

such data, de novo assembling contigs from metagenomic reads is challenging and comes with a high
computational cost. Metagenomic assemblies are very fragmented because of homologous regions
between microbial species and polymorphism within the species [4].

An alternative to this approach would be to partition in a first step the metagenomic reads into
subsets assigned to different species. Binning methods relying on the nucleotidic composition of reads
cannot be applied to the current Illumina reads because of their short length [5]. Alternatively, it
is possible to select reads by reference-based approaches, but these approaches struggle to classify
reads from badly known species, and hardly scale up to large datasets when based on alignment
methods [6]. A relevant strategy to assemble a given genome from metagenomic data is to map reads
against the closest available reference genome to assemble new contigs. The quality of the assembly
is therefore highly dependent on the evolutionary distance with the reference genome. In particular,
any region absent or too divergent from the reference genome will be missed. This enables nonetheless
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the targetted assembly of a genome of interest within a community, which is for instance relevant for
the study of key players of host-symbiont relationships or the discovery of new pathogenic strains of
known microbes. In these use cases, functional, structural or phylogenetic genomic analyses require
the assembly of a new genome of interest from metagenomic data. In that context, neither de novo
metagenomic assembly nor assembly from reads selected by reference alignment are able to return
assemblies of good quality. Nonetheless, it seems possible to use the best of these two strategies, by
selecting reads from regions of homology with a related reference genome, and using de novo assembly
to reconstruct the missing regions.

Several tools, such as MITObim [7], LOCAS [8], Pilon [9] or IMR/DENOM [10], were designed
following this idea, combining reference alignment and de novo assembly. However, all of them show
some limitations because of which they are not adapted to metagenomic data. They are either not
scaling up with these large datasets (MITObim, LOCAS), unable to deal with large structural variants
(IMR/DENOM, Pilon, LOCAS) or to return coexisting variants (LOCAS, IMR/DENOM).

In this work, we present a solution for the assembly of a genome of interest from metagenomic data,
in a reference-based manner. This method can recover large regions absent from the given reference
genome, makes no assumption on the ordering or direction of regions homologous with the reference
and is able to return several different solutions reflecting the metagenomic diversity inside the sample.
The method is based on two main steps, a reference based recruiting and assembly of metagenomic
reads, followed by a targetted assembly, filling the gaps between the contigs assembled beforehand.

We applied this method to reconstruct genomes from several metagenomic samples of the pea aphid
Acyrthosiphon pisum. Focusing on the primary endosymbiont Buchnera aphidicola, we demonstrated
the ability of MindTheGap to assemble complete bacterial genomes in a single contig using a remote
genome as a primer, even when structural variability is present.

2 Material and Methods
2.1 Targeted assembly for metagenomic data

Strategy overview The method described in this work relies on a two-step pipeline, described in Figure
1.

Fig. 1. Overview of the MindTheGap reference-guided assembly pipeline
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The first step uses a given reference genome to build an incomplete but trustworthy assembly,
matching with the conserved regions of the genome. The second step uses the whole set of metagenomic
reads to extend the previously assembled contigs and form a complete assembly, without any a priori
on the order and orientation of contigs. The result of the pipeline is a genome graph encompassing
the stuctural diversity detected on the assembled genome. This graph can be exploited by extracting
contigs, or paths of the graph that represent different strains.



2.1.1 Assembly of backbone contigs The first step requires a metagenomic readset and a ref-
erence genome, and returns contigs that are assembled using reads mapped on the reference. All
metagenomic reads are mapped against the reference genome using BWA MEM [ 1], and the mapped
reads are kept and de novo assembled using the Minia [12] assembler. Although any assembler can be
used in this step, we use Minia [12] for its low memory footprint, and its assembly algorithm similar
to the one used in the second step of the method. The goal of this step is to generate high quality
contigs, that can reliably be used for the upcoming gapfilling. To ensure this, we set up Minia with
more stringent parameters than for an usual assembly task and only contigs longer than a user-defined
threshold (500 bp by default) are kept.

2.1.2 Parallel gapfilling with MindTheGap The essential step of the pipeline is the gapfilling
between backbone contigs, which enables the assembly of regions absent from the reference genome.
This is made possible by a targeted assembly of the whole readset using the previously assembled
contigs as primers. This step does not require the ordering of contigs, since all possible combinations
are tested during gapfilling. As a result, structural variants can be detected, either compared to the
reference genome or within the sample.

This step is based on a module of the software MindTheGap, originally developed for the detection
and assembly of insertion events [13]. The fill module of MindTheGap performs a local assembly for
each pair of breakpoint event kmers, resulting in one or several insertion sequences.

In this work, we took advantage of this module of MindTheGap and adapted it to the problem
of reference-guided assembly. It has been modified to make possible the gapfilling between a seed
kmer and multiple target kmers, enabling the ”all versus all” gapfilling within a set of contigs with
only a linear increase of the runtime (compared to a quadratic increase for a naive ”all versus all”
gapfilling). The resulting algorithm is presented in Figure 2. A seed kmer is extracted at the end
of each contig and its reverse-complement, resulting in a set of 2n kmers for n contigs. Similarly, a
set of 2n target kmers is extracted at the beginning of each contig and its reverse-complement. For
each seed kmer, a contig graph is created by starting from the seed kmer and performing a breadth
first traversal of the De Bruijn graph representation of the whole readset. Contigs are consensus
sequences returned by removing graph motifs such as bubbles (SNPs) and tip-ends (errors). In the
contig graph, contigs are nodes, and edges represent the existence of a k— 1 nucleotide overlap between
two contigs. The creation of the contig graph is similar to the one used in Minia [12]. The traversal is
stopped when the graph becomes too large (total assembled nucleotides) or too complex (number of
contigs), following user-defined parameters. Importantly, if one of the target kmers is found during the
contig graph construction, that contig is not extended further, avoiding redundant contig assembly,
and saving time and memory. After the contig graph has been built, target kmers are searched within
this contig graph, and gapfilling sequences are built, by retraversing the contig graph from the seed
kmer to contigs containing a given target kmer. For each seed-target couple, if several solutions are
returned, redundant solutions above a 95% identity threshold are removed. Thanks to this multi-
target version of the algorithm, only 2n contig graph constructions are necessary to search possible
sequences between all pairs of contigs, instead of n? with the naive approach.

The whole process is parallelized by dispatching the 2n starting kmers to different threads. The
main output is a genome graph in the GFA format (Graphical Fragment Assembly, https://github.
com/GFA-spec/GFA-spec), giving the overlap relationships between contigs an their gapfillings.

2.1.3 Graph simplification and visualisation In order to return a standard fasta assembly, the
genome assembly has to be processed. The complexity of the graph is reduced on several steps using
a post-treatment program.

First, it is likely that two contigs are linked in the graph by two gapfillings with reverse-complement
sequences, one starting from the left contig and the other one starting from the right contig. Such
reciprocal links are removed, when their sequence identity is over a 95% threshold.

Secondly, when several gapfilling sequences start (or end) from the same seed, it is possible that
a subset of them have an identical prefix (suffix) and start to diverge after a potential large distance
to the seed. This results in redundant sequences in the graph. A node merging algorithm is applied,
in order to return contigs that do not share large identical subsequences (prefix or suffix). Sets of
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Fig. 2. Gapfilling a set of contigs using MindTheGap fill module.

a) Seed and target kmers are extracted from the 3 input contigs, resulting in 2 sets of 6 kmers, seed (red) and
target (blue) ones. b) A graph of contigs is built starting from the right seed kmer of contig A. Extension is
stopped when a target kmer of another contig if encountered, or a maximum assembly size is reached. c¢) This
results in 3 gapfilling sequences starting from contig A right seed, 2 gapfilling sequences joining contig B, and
one contig C.
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sequences sharing the same 100 first nucleotides are built. Within each set, the sequences are then
compared to find the first divergence between all sequences. A new node is added to the graph,
containing the repeated portion of the sequences, and repeated nodes are shortened accordingly. This
process is applied iteratively to every node, including the newly created nodes, for which a subset of
neighbors may still show identical sequences.

Finally, simple linear paths in the graph are merged, nodes whose length is lower than 500 bp
are removed, and highly branching nodes (connected to more than 5 contigs) are cut. The resulting
graph is a good representation of the MindTheGap assembly, and nodes can be extracted to be used
as regular contigs.

After the simplification process, the graph may not be a linear sequence because of intra-sample
polymorphism or assembly uncertainties. The final assembly can be generated either by manual
inspection of the graph using the Bandage software [14], or by enumerating all possible paths within
the graph.

2.1.4 Implementation and availability MindTheGap has been officially released in version 2.1,
enabling the so-called ” contig mode” for reference-guided assembly (https://github.com/GATB/MindTheGap).
MindTheGap is written in C++ using the GATB library [15] (https://github.com/GATB/gatb-core).
The GATB library provides algorithms for the analysis of NGS datasets with high performances and
a low memory footprint. The graph simplification is performed using Python scripts, available on
the MindTheGap repository. A complete pipeline including mapping, assembly and gapfilling is also
available as a Python script distributed along with MindTheGap.
2.2 Application to pea aphid metagenomic datasets

In this study, we applied MindTheGap assembly pipeline to the assembly of the obligatory bacterial
symbiont of the pea aphid holobiont, Buchnera aphidicola. We considered 32 pea aphid resequencing
samples of paired end 100bp lllumina reads. These datasets have already been studied in a previous
work, in which the microbiota of each aphid sample was detailed [16]. The number of reads per dataset
is ranging from 65 to 118 million, with an average coverage of 628X for the Buchnera genome.

Reference genomes with increasing levels of divergence Reference-guided assembly was performed
with 4 distinct reference genomes of Buchnera aphidicola with different levels of divergence : 1)
Buchnera aphidicola from A pisum (LSR1 accession), hereafter called Buchnera LSR1, which is the
closest available assembled genome; 2) Buchnera from Myzus persicae; 3) Buchnera from Uroleucon



ambrosiae the most divergent reference analyzed ; and 4) a synthetic genome obtained by deleting
116.4 Kb of sequences from Buchnera LSR1. The synthetic rearranged LSR1 genome was generated
by applying 20 deletions, whose size ranged from 300 bp. to 20 kbp. The levels of divergence are
supported by phylogenetic studies [17] and genome alignment. Buchnera LSR1 was aligned on the
Myzus persicae with a 93% coverage, and to Uroleucon ambrosiae witha 87% coverage, with a genome
identity of 80% on the aligned regions.

Inclusion of simulated structural variations To assess the ability of MindTheGap to recover structural
variations in samples with strain diversity, we created a synthetic pea aphid sample by adding to a
randomly chosen real sample, a subset of simulated reads from the previously described rearranged
genome (with 20 deletions). 50X coverage of reads were simulated with wgsim of the Samtools suite.

MindTheGap assembly pipeline parameters MindTheGap was used in version 2.2.0, with the same set
of parameters for all samples and reference genomes. For the assembly step, a kmer size of 61 was
chosen, along with a solidity threshold of 10, and a minimum contig length of 400 bp. The gapfilling
step was performed using a k value of 51, and a solidity threshold of 5.

Comparison with other approaches The results were compared to those of a usual approach to assemble
a particular genome from metagenomic data. A complete de novo assembly was performed for each
sample using MegaHit [3] and Buchnera contigs were selected by a Blast alignment against the genome
of Buchnera aphidicola APS. Only contigs with at least 50% of the length covered by Blast hits with
e-value smaller than 10™° were kept.

The quality of each assembly was assessed using Quast [18] and the reference genome of Buchnera
aphidicola APS from A. pisum. Similarly to what was done with MindTheGap, we did not include
contigs smaller than 1 Kb, mainly associated with plasmid sequences.

3 Results
3.1 Single chromosome assembly of Buchnera aphidicola from metagenomic data

MindTheGap assembly pipeline was applied on 32 pea aphid resequencing samples [16] to assemble
its bacterial obligatory symbiont Buchnera aphidicola (640 Kb). These are metagenomic samples
comprising the insect host genome together with is microbial symbiotic communities. More than 90%
of the reads originate from the insect host, and are not relevant when focusing on symbiont genomes.
This particular fact motivates the choice of a targeted assembly technique, which does not require to
assemble all the pea aphid reads.

In order to assess the robustness of the approach with respect to the level of divergence of the
reference genome, four different genomes of Buchnera aphidicola of increasing divergence were used
as a guide for the assembly, and the resulting contigs were compared to the closest reference available
as a validation.

A summary of the assemblies obtained using the different reference genomes is shown in Table 1.
When using either A. pisum (LSR1) or M. persicae reference genomes, most samples were assembled
in a single contig whose length is very close to the target length (Less than 1% length divergence, or
6 kb). 91% of samples were assembled in a single complete contig. Using Buchnera from Uroleucon
as a guide returns less complete assemblies, with only 65% of the samples that were fully assembled.
This is due to its greater evolutionary distance to the genome to assemble, This greater distance is
particularly well exemplified when looking at the relative contributions between the two steps of the
pipeline, mapping based assembly and de novo gapfilling. Only an average of 6.92% of the target
genome is assembled after the first step when using Uroleucon’s Buchnera, whereas this fraction is of
47.6 % for Myzus and 99.9% for Acyrthosiphon.

When using a rearranged genome missing several large sequences (totaling 116.4 Kb), most samples
were also assembled into a single contig and all the missing regions were fully recovered. Although the
complete genome length was recovered, less circular contigs were returned compared to other reference
genomes.

Comparison with a classical metagenomic assembly The assemblies performed by MindTheGap were
compared to those of an alternative stratergy, consisting in a de novo assembly using MegaHit [3]
followed by a selection of contigs using a reference genome.



Buchnera

Uroleucon ambrosiae| Myzus persicae

Buchnera

Buchnera

rearranged | Acyrthosiphon pisum

Buchnera

Circular complete assemblies 20 22 17 22
Linear complete assemblies 1 5 12 7
2 contig complete assemblies 1 2 2 2
Incomplete / erroneous assemblies 9 3 1 1

Tab. 1. Overview of assembly results with four different Buchnera reference genomes used as guide, from the
closest relative at the right, to the most distant at the left. A complete assembly has a size with no more than
1% variation compared to the reference genome Buchnera LSRI1.

Fig. 3. Number of contigs (A) and assembly length (B) using four different Buchnera genomes as assembly
guide. The expected genome length (Buchnera LSR1) is shown as a red dotted line.
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For most samples, MindTheGap outperforms the metagenomic assembly by returning assemblies
with less contigs, and a total length closer to the expected genome size. Reference-guided assembly
enables a one-contig assembly in most cases (90%), whereas MegaHit outputs a single contig for only
28% of samples. The average assembly size for MegaHit exceeds the expected genome length. An
explanation for this could be that highly polymorphic regions may be assembled into distinct contigs
by the metagenomic assembler, while MindTheGap merges them, or represents them as bubbles in
the genome graph.

Importantly, MindTheGap is also significantly faster than MegaHit. The average runtime of
MindTheGap assembly pipeline is 95 minutes, which is 5.5 times inferior to MegaHit runtime (525
minutes). Indeed, MegaHit produces contigs not only for the target organism, but in this case for the
insect host A. pisum and its secondary symbionts.

3.2 Assembly of large structural variations in a metagenomic context

MindTheGap was applied to a pea aphid sample in which simulated reads from a rearranged
Buchnera genome were added, simulating the coexistence in a metagenomic dataset of two strains
with structural variations. In the resulting genome graph, 17 out of the 20 simulated deletions were
fully recovered, with both the deleted and complete versions of the genome assembled. Extracting the
longest path from the graph resulted in a one contig 641,531 bp assembly, compared to the 642,011 bp
of the Buchnera LSR1 genome. Similarly, the shortest path extracted from the graph was 526,448bp
long, compared to 525,611 for the deleted simulated genome. The longest structural variations (up to
20 Kb) were all successfully recovered. Only two 500 bp and one 300 bp variations were missing from
the graph.

The metagenomic assembly with MegaHit of the same readset, followed by a filtering of contigs
using the deleted reference genome, resulted in a 38 contigs assembly, with a length of 645,973 bp and
a N50 of 44,484 bp. It highlights the difficulty of de novo assembly to deal with structural diversity
in metagenomic samples.

4 Discussion and conclusion

Starting from the observation that both reference-based assignation and de novo assembly are
inadequate to study some aspects of the metagenomic diversity, we present in the present work an
hybrid method under the term of reference-guided assembly. This method was designed to assemble the
genome of a single species of interest and its structural variants from a potentially larege and complex
metagenomic dataset. We have shown here that it outperforms both reference-based approaches
and de novo assemblers. Reference based read assignation is highly dependent on the evolutionary
distance of the targeted genome with available references. This was particularly highlighted in this
work, where less than 10 % of the genome could be assembled with the reads mapping to the most
divergent reference genome used in this analysis. In de novo approaches, the assembly is performed
prior to contig binning or mapping. This can be described as an Assembly-first approach. Here, we
present a Mapping-first approach, that lightens the computational burden of full de novo metagenomic
assembly, at the cost of a single genome assembly. To our knowledge, this is the first reference-based
assembly approach suitable for metagenomic data.

Beyond the pea aphid complex, MindTheGap may also be applied to a wide range of assembly
issues. The targeted assembly approach reduces the number of sequences to assemble, and thus
simplifies the assembly problem. This approach may therefore be suitable for large and complex
communities such as the human microbiome. Here, MindTheGap was presented as a complete pipeline
from reads to contigs, but the second step of the pipeline can be associated to any other assemblers.
In this manner, MindTheGap can be used as a finishing tool for previous incomplete assemblies. In
a metagenomic context, the gapfilling step may be a way to increase the contiguity of assemblies by
joining metagenomic contigs identified by binning methods as coming from the same species.

A valuable feature of MindTheGap is to output a genome graph representation instead of a set of
unconnected contigs. This is particularly useful to represent the structural diversity of the genomes,
which is rarely examined in metagenomic datasets.
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