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Abstract
Metagenomic samples are snapshots of complex ecosystems at work. They comprise hundreds of known and unknown
species, contain multiple strain variants and vary greatly within and across environments. Many microbes found in microbial communities are not easily grown in culture making their DNA sequence our only clue into their evolutionary history
and biological function. Metagenomic assembly is a computational process aimed at reconstructing genes and genomes
from metagenomic mixtures. Current methods have made significant strides in reconstructing DNA segments comprising
operons, tandem gene arrays and syntenic blocks. Shorter, higher-throughput sequencing technologies have become the de
facto standard in the field. Sequencers are now able to generate billions of short reads in only a few days. Multiple metagenomic assembly strategies, pipelines and assemblers have appeared in recent years. Owing to the inherent complexity of
metagenome assembly, regardless of the assembly algorithm and sequencing method, metagenome assemblies contain
errors. Recent developments in assembly validation tools have played a pivotal role in improving metagenomics assemblers. Here, we survey recent progress in the field of metagenomic assembly, provide an overview of key approaches for genomic and metagenomic assembly validation and demonstrate the insights that can be derived from assemblies through the
use of assembly validation strategies. We also discuss the potential for impact of long-read technologies in metagenomics.
We conclude with a discussion of future challenges and opportunities in the field of metagenomic assembly and validation.
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Introduction
Shotgun sequencing of microbial communities, metagenomics,
has emerged as a key tool for investigating the composition, evolutionary history and function of communities comprising previously uncultured and unsequenced organisms. Assembling
metagenomic sequencing data can provide a more complete
picture of a microbial community compared with performing
analyses directly on the reads [1–4]. However, assembly and
metagenomic assembly are complex computational tasks. The
complexity of the assembly problem stems from the DNA segments repeated within a same organism, or shared between distinct organisms. Intragenomic repeats have long been recognized
as a challenge in assembly of isolate genomes [5], while metagenomic assembly is further complicated by the combination of
intragenomic and intergenomic repeats. It has been shown that
assembly complexity is directly tied to the ratio of the sequencing
read length and the length of repeats [6]. While intergenomic repeats are generally small (usually <10 000 bp in bacteria [7, 8]),
intragenomic repeats can be nearly the entire chromosomes for
closely related strains. To better explain this perhaps un-intuitive
statement—just one gene (e.g., a virulence gene) may distinguish
between two closely-related bacterial genomes in a community,
thus close to the entire genome can be viewed as an intergenomic repeat.
Sequencing strategies for metagenomics are currently dominated by short, high-throughput sequencing technologies, such
as the Illumina NextSeq and HiSeq. These technologies can
produce billions of highly accurate 100–300 bp reads within a
few days and are cost-effective for most large-scale microbiome
research projects. Metagenome sequence assembly algorithms
have been largely based on a de Bruijn graph (DBG) paradigm,
which is effective for accurate [9] and efficient assembly of large
metagenomic data sets [10]. New advances in sequencing methods, such as single-molecule sequencing, synthetic long reads
and Hi-C along with new assembly and scaffolding algorithms
have the potential to significantly improve the contiguity and
quality of metagenome assemblies, and are an emerging area of
research interest. To date, however, the use of such technologies in metagenomic settings has been limited because of the
complex sample processing requirements and cost.
Owing to the complexity of the metagenome assembly problem, regardless of the assembly algorithm used or sequencing
method, metagenome assemblies are incomplete and contain
errors. Methods for evaluating the quality and completeness of
assemblies are critical for informing downstream analyses of
the assembled data, and for allowing researchers to compare
different tools that could be used for assembly.
Assembly validation methods fall into two broad categories:
reference-based and de novo. Reference-based validation methods compare the assembly with a database containing previously assembled genes or genomes [11, 12]. They assess as
errors any differences identified between the assembled data
and the reference collection. In contrast, de novo methods rely
on features of the assembled data itself, seeking to identify internal inconsistencies indicative of potential assembly errors.
Reference-based methods are particularly effective in benchmarking experiments attempting to reconstruct communities
with known composition; however, these methods have limited
effectiveness in real data sets. For example, metagenomic

segments originating from a genome for which no reference
sequence is available cannot be verified through a referencebased approach. It is also difficult to determine whether
differences between an assembled contig are errors or true
differences between the reference sequence and its relative
within the metagenomic mixture.

Current methods for metagenome assembly
The (meta)genome assembly problem can be formulated as a
graph traversal problem, finding a path through a complex
graph satisfying the constraints imposed by the data provided
to the assembler [13]. Metagenome assembly is accomplished de
novo by reconstructing genomes directly from the read data [13].
Despite the development of dozens of implementations for de
novo assembly, algorithmic challenges posed by repeats remain
prohibitive (Figure 1).
The problem of reconstructing a mixture of genomes is further complicated by uneven and unknown representation of the
different organisms within a metagenomic mixture. Owing to
uneven sequencing coverage within a metagenome, coverage
heuristics used for isolate genome assembly cannot be readily
used to accurately disentangle repetitive sequence in metagenomes [14]. This problem is further aggravated by the presence
of intergenomic and intragenomic repeats (Figure 1). Effectively,
one can view the task of the assembler to be not just to reconstruct one path through a graph, but a multitude of paths that
come together and split apart at different places. This problem
is not exclusive to metagenomic assembly—polyploid plant and
animal genomes cause similar issues for isolate genome assembly. Prior work in polyploid genomes has provided methods for
estimating ploidy based on sequencing depth, k-mer distribution and genotype heterogeneity [15]. Even so, despite initial attempts, algorithms developed for single-genome assembly have

Figure 1. The challenge of repeats in metagenomes. Three genomes are used to
depict intragenomic (A) and intergenomic (B) repeats. The dark blue and light
blue genomes represent two closely related strains and the green genome an
unrelated strain. Within the genomes, the red, orange and tan blocks represent
inparalogs. The yellow blocks represent a horizontal gene transfer event between the light blue and green genomes. In traditional assembly, any reads longer than the inparalog blocks (red; orange) would be sufficient to fully resolve
the genome. In metagenomic assembly, reads longer than the full syntenic
block (gray) would be necessary.
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not been successfully applied directly to metagenomics data.
Instead, several approaches have been developed that explicitly
consider the specific characteristics of metagenomic data.
Below, we describe a few of these approaches. The main
approaches described here generally try to ‘hide’ the complexity
imposed by metagenomic data. We will later discuss in more
detail approaches that specifically try to identify strain variants
in the data. Before doing so, however, we provide a short overview of the DBG approach for assembly and the impact of the
parameters of this approach on the assembly process.
Briefly, the reads are converted to a graph as follows. Each
read is decomposed into overlapping segments of equal length
k, usually termed k-mers. The k-mers become the nodes of the
graph, and the edges connect nodes with k1 matching bases. It
is also possible to define the DBG in a node-centric manner
(edges indicate k1 matching bases between nodes; see [16] for
more details). In a metagenomic context, one looks for multiple
paths through the graph that collectively ‘explain’ all the edges.
While an exact algorithm exists that can solve the traversal
problem efficiently, it can only find one out of the many possible traversals of the graph that are consistent with the set of
reads, reconstructing a possibly incorrect sequence representing a rearrangement of the genome(s). The above formulation
allows traversals, which are not necessarily consistent with the
input sequences, and adding as a constraint the reads themselves leads to the ‘Eulerian superpaths’ [13] formulation. In
general, there are often multiple valid traversals of the DBG and
identifying the correct one is the source of computational complexity in the assembler [6]. Most assemblers rely on heuristics
to incorporate further information in the reconstruction process
to bias the reconstruction toward the correct sequence. When
ambiguities cannot be resolved, the assemblers break the traversal, leading to fragmented reconstructions of the original
genome(s).
Several factors impact the performance of DBG assemblers:
(i) sequencing errors, (ii) repeats, (iii) the presence of strain variants and (iv) the depth of sequencing coverage. The interplay
between these factors drives the choice of optimal k-mer size
for a specific application as well as the ultimate performance of
an assembler. Sequencing errors create ‘false’ k-mers, thereby
increasing the complexity of the graph and making it more difficult to identify an unambiguous reconstruction of a sequence.
Every error impacts at most k different k-mers; thus, the impact
of sequencing errors increases with the size of k. The de Bruijn
formulation above assumes perfect data. In practice, sequencing errors introduce false k-mers in the graph, increasing the
size of the graph and adding ambiguity in the reconstruction.
As a result, assemblers often include a ‘correction’ step or assume precorrected data as input. Initial de Bruijn assemblers
used spectral correction [13], which attempts to make a minimum number of changes in a sequence to make it consistent
with ‘correct’ or ‘solid’ k-mers [17, 18]. The correction strategies
use a fixed k-mer count threshold to define ‘correct’ k-mers,
strategy that is insufficient in metagenomic data sets with varying coverage levels. Recent approaches to correction have been
proposed, which can correct data without assuming uniform
coverage [10, 19, 20].
Repeats create additional edges in the graph, increasing the
number of possible traversals. This creates ambiguity in the reconstruction of the genome, as a larger possible space of solutions must be explored [6]. Without further information, an
assembler can either choose one of the branches at random,
possibly leading to assembly errors, or simply decide to break
the assembly, leading to fragmented results. The longer the size
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of k, the fewer nodes in the graph are repetitive, and thus, the
easier it is to reconstruct large segments of a genome. Strain
variants create a similar challenge as sequencing errors, and in
highly polymorphic samples, the assembly result will likely be
fragmented [21]. Finally, the depth of coverage impacts the connectivity of the assembly graph. A path stretching from a read
to the next until it covers an entire genome can only be found if
adjacent reads share k-mers. At low depths of coverage, the adjacent reads are only expected to overlap by a small extent, and
as a result, the assembly is only possible for small values of k.
To summarize the points made above, large values of k
reduce the complexity of the graph and impact of repeats, but
using such values requires longer sequences (longer than the
k-mer size) and higher depth of coverage, and leads to an
increased impact of sequencing errors (each error impacts k different k-mers). Assuming uniform error and random sequencing, it is possible to compute the expected surviving coverage
for a given k-mer size and input coverage [22]. These trade-offs
represent a key component of the algorithmic choices made by
assembly software and also guide the empirical choices made
by users of assembly tools.
In the following section, we highlight three published algorithms developed specifically for metagenome assembly that
perform well in a recent review [23].

IDBA-UD
IDBA-UD [24] is part of the IDBA (Iterative De Bruijn Graph De
Novo Assembler) [25] suite of assemblers. IDBA assemblers use
multiple k-mer sizes to address the trade-offs described above.
It iterates through a range of k-mer values in a stepwise fashion
to improve the DBG and resulting assembly. Sequencing errors
are corrected at each iteration, reducing the impact of sequencing errors. In this way, the assembly graph becomes more and
more resolved with increasing k-mer size in each iteration step,
leading to a more contiguous assembly result.

MEGAHIT
MEGAHIT [10] relies on the same multiple k-mer strategy as the
[10] IDBA assemblers [25]. MEGAHIT is currently the most efficient de novo assembler largely because of its use of efficient
data structures for storing the DBG. Memory requirements are
reduced by using a new data structure, a succinct DBG [26].
Memory is also reduced by eliminating k-mers below a defined
frequency threshold from the graph. This approach minimizes
the negative impact of sequencing errors on the assembly. To
retain k-mers from low-abundance organisms, distinguishing
them from errors, MEGAHIT reconsiders discarded k-mers in
low-coverage regions of the assembly graph.

metaSPAdes
MetaSPAdes [9] is a metagenomic-specific version of the SPAdes
assembler [27]. A main innovation in these assemblers is the
use of paired-end information during the assembly process rather than afterward [28]. This information is incorporated in the
graph by using a pair of k-mers separated by an estimated distance. Similar to IDBA-UD and MEGAHIT, SPAdes uses an iterative multiple k-mer approach. However, SPAdes uses the
complete read information together with the preassembled contigs at every step. Originally, SPAdes was designed to address
two major issues of single-cell sequencing data [27], the uneven
read coverage and chimeric sequences, issues that are also germane to metagenomic assembly. In addition, metaSPAdes [9]

Downloaded from https://academic.oup.com/bib/advance-article-abstract/doi/10.1093/bib/bbx098/4075034
by guest
on 06 August 2018

4

| Olson et al.

was extended to handle strain variation. Micro-variations between highly similar ‘strain-contigs’ are combined to form
high-quality consensus sequences, aiming at the best possible
representation of each species instead of every strain variant.

Metagenome scaffolding
To improve the continuity of fragmented assemblies, orthogonal information, which is not used in the assembly process, is
used to orient and order contigs with respect to each other. The
linkage information provides a measure of confidence about the
proximity of any two contigs on the genome. Different kinds of
linkage information such as optical maps [29], mate pairs
[30–33], fosmid clones [34], fosmid clone dilution pool sequencing [35], linked read sequencing [36], synthetic long reads [37]
and Hi-C [38–40] have been explored to improve genome assembly quality. Paired-end sequences have a known size distribution, which can give an estimate of the distance between two
contigs. Hi-C makes use of the 3D structure of the chromosomes
inside a cell nucleus, thereby inferring genome-scale contact information. Development of algorithms, which use one or more
types of orthogonal linkage information to get high-quality
assemblies, is an emerging area of interest. However, the applicability of these methods in metagenomics has been limited
because of difficult and expensive sample processing protocols.
Because of this, the information used for scaffolding metagenomes has been limited to paired-ends.

Strain resolution and variant detection
Unlike isolate genome sequencing, the analysis of microbial
communities provides valuable information about the strain
structure of mixtures of closely related organisms, making it
possible to study how the strain composition changes across
time or in response to environmental changes [41–45]. This
power has been recognized since the early days of the field [42],
and software packages have been developed to help scientists
discover, characterize and quantify strain-level differences between microbes. A first package in the field, Strainer [46],
allowed researchers to manually inspect metagenomic assemblies to identify single-nucleotide variants. The Bambus 2 [47]
scaffolding package was the first tool to provide the ability to
automatically detect structural variants within metagenomic
assemblies. This approach was later extended in Marygold [48]
through the use of SPQR trees [49] to allow the efficient discovery of more types of structural variants. Most recently Anvi’o
[50] provides a data analytics and visualization environment for
comparing strain variants across multiple data sets. Using available infant gut samples [43], Anvi’o allowed the identification of
systematic emergence of nucleotide variation in an abundant
draft genome bin [50]. Note that the problem of strain resolution
in metagenomic data bears strong similarities to the reconstruction of transcript splicing structure in RNA sequencing data [51].
Owing to the much shorter extent of eukaryotic transcripts, and
the fact that transcript graphs can be assumed to lack cycles
(which is not true in metagenomes), the approaches developed
in this field cannot be effectively applied to metagenomic data.

Future strategies and approaches
High-quality assembly of bacterial genomes has undergone a
renaissance with the advent of single-molecule sequences [52,
53], such as the PacBio RSII/Sequel [54] and Oxford Nanopore
MinION [55]. An alternate technology is TruSeq Synthetic Long

Reads (TSLRs, previously known as Moleculo), which relies on
barcodes and pooling to reconstruct long sequences [37, 56, 57].
While not yet used for resolving microbial genomes [58] because
of difficulty in assembling variable number tandem repeats, the
TSLR sequences have high accuracy, allowing strain-level resolution in metagenomes [59]. Single-molecule sequencing is continuing to mature, increasing in both throughput and quality.
As the instruments have increased in throughput, they have
been applied to assemble eukaryotic genomes [60–67] with improved assembly algorithms [62, 68–70].
In addition to long-read sequencing, novel scaffolding
approaches have also had a significant impact on genome
assembly. The combination of Hi-C scaffolding and long-read
assembly has been particularly powerful in combination, generating chromosome-scale scaffolds [60, 71].
Recent studies have begun to highlight the application of
long reads to metagenomics [72] across a broad range of applications such as: gut microbiome [73], coculture communities
[74] and the skin microbiome [75]. However, long-read sequencing has not gained widespread adoption because of three main
factors: cost, DNA quality requirements and complexity of DNA
preparation. A prerequisite for the effectiveness of both synthetic long-read and single-molecule long-read sequencing is
that the DNA fragments provided to the sequencing instrument
are sufficiently long. Current DNA extraction procedures, in
addition to lysing the cell, also shear the DNA, thereby limiting
sequencing read length [76]. This is especially true in the case of
gram-positive organisms that are difficult to lyse. While protocols can be effectively optimized on a per-organism basis, this is
not true for complex mixtures. Novel DNA extraction methods
using agarose plugs, like those used for extracting DNA for
optical mapping [77, 78], or enzymatic lysis using cocktails of
enzymes [79], may result in the extraction of longer DNA fragments. Long-range linking technologies, such as Hi-C, have an
advantage over long-read sequencing, as these technologies do
not require high molecular weight DNA to be generated after
cross-linking and cell lysis.

Current methods and strategies for
metagenome assembly validation
The validation of genome assemblies has been an active area of
interest since the development of the first genome assemblers
in the late 1970s [80]. Below, we describe several of the strategies and corresponding used in this context (Table 1).
Some of the most intuitive metrics relate to assembly contiguity. Measures such as the number of contigs and average or
maximum contig sizes, attempt to assess how far the assembly
is from the ideal objective of one contig per chromosome. As
most assemblies comprise many small contigs, usually because
of sequencing errors or other artifacts, these metrics can be
misleading. A more robust measure is the N50 size, defined as
the minimum contig length in the set of contigs that comprise
over half the assembly (a weighted median contig size). Other
metrics refer to the information contained in contigs, such as
the number of open reading frames (ORFs, a proxy for genes) or
their density (ORFs/Mb). As genes are used to address biological
questions, a greater number or density of ORFs result in more
information available for testing biological hypotheses. Contig
length statistics do not incorporate any correctness information
and can be ‘fooled’ by accepting errors (a single long contig can
be constructed by concatenating all the reads in an arbitrary
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Table 1. Metrics to evaluate assembly quality
Assembly metric

Contiguity-based
metrics

Description

Number of contigs

Assembly size at 1 Mb

Contig number at 1 Mb
Complete genes

Complete marker genes

Reference-based
metrics

Genome recovery (%)

Total aligned length
Total unaligned length
NGAx

Consistency- based
metrics

Depth of coverage

Consensus
Split-read mapping
Insert size consistency

Features

Total number of assembled
contigs reported by each
assembler
Represents the size of the largest contig C such that the
sum of all contigs larger than
C exceeds 1 Mb
Represents the number of contigs required to exceed 1 Mb
Represents the median number
of complete genes per
sample
Indicates the median number
of fully reconstructed marker
genes per sample
Median percentage of each
truth genome that is
recovered
Sum of the length of contigs
aligned to the truth genomes
Sum of the length of unaligned
contigs
The length of the contig that
covers at least half the reference genome. Contigs are
broken at mis-assembly
events and removing all unaligned bases
Statistical comparison of global
versus local coverage, as signature of compressed/expanded repeats, chimeric
contigs
Concordance of consensus to
read pileup
Single reads with partial
alignments
Concordance of insert size
(expanded/collapsed)

Referencebased

Referencefree

冑

冑

Measures
errors

Measures errors
þ variation

冑

冑
冑

冑

冑

冑

冑

冑

冑

冑

冑

冑

冑

冑

冑

冑

冑

冑

冑

冑

Note: Most commonly used metrics to evaluate metagenomics assembly quality, including contiguity-based, reference-based and consistency-based metrics. Assembly
metric column contains commonly used metrics; description column briefly describes the metric; and features column indicates four characteristics of these metrics:
reference-based (reference genome required), reference-free (reference genome not required), measures errors, measures errors þ variation (biased by real differences
in reference genome).

order). In contrast, ORF-based statistics capture error, as they
would disrupt ORFs.
ORF/gene information can also be used to evaluate assembly
completeness. Several genes (called marker genes) have been
found in all known bacterial genomes and can thus be assumed
to exist in a newly assembled sequence. An assembly where
some of these genes are missing can be assumed incomplete. A
recently developed software package, CheckM [12], relies on
marker genes that are specific to a genome-based lineage
within a reference tree. CheckM also provides tools for identifying sets of contigs that can be combined to reconstruct individual organisms, based on marker set compatibility, similarity in
genomic characteristics and proximity within a reference genome tree.

An alternative approach for validating assemblies assesses
the fit of the assembly with a model of the sequencing process.
Assembly likelihood estimators have been developed and
used to evaluate single-genome assemblies [81, 82], as well as
metagenome assemblies [83, 84]. While these metrics do not
provide a global confidence value, they can be used to compare and rank different genome assemblies, allowing one to
automatically optimize the assembly parameters by iteratively
trying different options and selecting the parameter set that
maximizes the likelihood [83]. Such approaches are largely
used as ‘holistic’ validation strategies, assessing the assembly
as a whole rather than identifying specific errors. However,
they can be adapted to also highlight regions of the assembly
where errors may occur [84].
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Figure 2. Metagenome assembly error signatures. There are four primary types of assembly errors: repeat collapse, insertions, deletions and inversions. These assembly errors can be identified by mapping reads to the assembly and evaluating the coverage (solid curve), distance between read pairs (boxes labeled H) and split read
mapping data (boxes labeled H). Increase in coverage indicates repeat collapse, whereas drops in coverage indicate break points for insertions, deletions and inversions. Shorter than expected distance between read pairs indicates potential repeat collapse or deletion, whereas increase in distance between read pairs indicates a
potential insertion. Inconsistency in read pair direction can indicate an inversion. Finally, split-read mapping data, obtained by independently aligning the first and
last third of a read can be used in a similar manner to read pair information to identify assembly errors [85].

It is important to note that exactly computing the likelihood
of an assembly given a model of the sequencing process can be
expensive, simple heuristics are remarkably effective and, in
fact, the likelihood metrics are tightly related to the number of
reads and/or paired-ends that can be correctly aligned to the assembly. Essentially, the more information that is ‘explained’ by
the assembly, the more likely it is that the assembly is correct.

Characterizing assembly errors
The approaches described so far only implicitly take errors into
account. It is often important to determine exactly where errors
were introduced in the assembly, either to correct these mistakes or to ensure that the errors do not influence the results of
downstream analyses. Figure 2 highlights the four primary
types of assembly errors: repeat collapse, insertions, deletions
and inversions. These assembly errors can be identified by mapping reads to the assembly and evaluating the coverage, evaluating the distance between read pairs and split read mapping
data. Increases in coverage indicate under-collapsed repeats,
while drops in coverage or coverage gaps can indicate break
points because of insertions, deletions and inversions. There
are two primary approaches for detecting these assembly
errors: (i) reference-based and (ii) consistency-based (Table 1).
In reference-based assembly error detection, assembly errors
are identified by comparing the assembly to one or more reference genomes. In consistency-based methods, errors are identified by aligning the sequencing reads to the assembly and
identifying regions, where the mappings are inconsistent with
the assembly.
Reference-based
MetaQuast. MetaQUAST [11] is a reference-based method that
identifies mis-assemblies and structural variants in an assembly relative to reference genomes. MetaQUAST is a modification
of QUAST [86], an isolate genome assembly validation tool that
computes alignments of assembled contigs to a single reference

Figure 3. Overview of the VALET pipeline.

genome. For data sets with known reference genomes,
metaQUAST uses the user-provided reference sequences to
evaluate the assembly. For the data sets where genomes in
the sample are not known, metaQUAST identifies appropriate
reference sequences using a 16 S ribosomal RNA database.
Additionally, metaQUAST applies a structural variant finding
algorithm to distinguish between structural variants and true
assembly errors.
Consistency-based
Within isolate genomes, errors introduce inconsistencies in the
placement of reads within the assembly, leading to several signatures that can be detected computationally (Figure 2). In isolate genomes, several assumptions are usually made. First, the
ideal sequencing process can broadly be assumed to be uniform
[87], i.e. the DNA fragments are equally likely to start at any
position in the genome. Strong deviations from the assumption
of uniformity frequently correspond to assembly mistakes.
Second, the reads agree with the assembled sequence except
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for potential random sequencing errors. Third, in the case
of paired-end data, the distance between the paired reads is
consistent with the fragment sizes generated during the
sequencing process. Amosvalidate [88] is a de novo pipeline for
detecting mis-assemblies that checks all these constraints and
reports regions in the assembly characterized by a sufficient deviation from the assumptions outlined above. FRCbam is an approach based on amosvalidate that introduced the concept of
feature-response curves (FRCs), which track assembly error
across assembled base pairs [89, 90]. REAPR [91] focuses on
paired-end constraints, and identifies regions where the distance between the paired-ends is consistently stretched or
shrunk, or where the depth of coverage is unusual. Pilon [85]
relies on both paired-end information (similar to REAPR) and
also on single-base changes and fragmented alignments (called
soft-clipping) to identify and correct assembly errors.
None of the consistency-based tools described above are effective in a metagenomic setting, in no small part, as the underlying assumptions are incorrect in this context. Strain variants
within the community can be mistaken for errors, and the difference in abundance between the organisms in a mixture
makes it difficult to assess what deviations from expectation
are ‘unusual’.
VALET [92] (Figure 3, http://github.com/marbl/VALET) is a de
novo pipeline for detecting all types of mis-assemblies in metagenomic data sets (Figure 2). VALET primarily adapts the
approaches developed in the context of isolate genomes that
we described above. To avoid false positives and false negatives
because of uneven depth of coverage, VALET bins contig by
coverage before applying these methods.
Possible break points in the assembly are found by examining regions, where a large number of parts of the reads are unable to align. To identify break points, VALET uses the first and
last third of each unaligned read, called sister reads. The sister
reads are aligned independently to the reference genome, and
then regions where the sister reads align to nonadjacent segments of the genome are flagged as mis-assemblies.
In practice, most mis-assembly signatures have high falsepositive rates. This false-positive rate can be reduced by focusing on just the regions where multiple signatures agree. Any
window of the assembly (2000 bp in length by default) that contains multiple mis-assembly signatures is marked as suspicious
by VALET. The flagged and suspicious regions are stored in a
BED file, which allows users to visualize the mis-assemblies
using genomic viewers, such as IGV [93]. Excluding from the
analysis regions of the assembly where just one type of inconsistency is detected may lead to false negatives. It is important
for the user to be aware of this trade-off and use the set of signatures that is most appropriate for their application. VALET
provides several visual representations of assembly quality
including an FRC plot, which highlights the trade-off between
contiguity and accuracy.

Exemplar validation of metagenomic data sets
Reference-based and de novo evaluation of an HMP data
set
To evaluate state-of-the-art metagenomic de novo assembly
software (IDBA-UD; MEGAHIT; metaSPAdes) on a real data set,
we compared the accumulated errors versus cumulative assembly length for multiple assemblies on a Human Microbiome
Project (HMP) stool sample (SRS016203) (Figure 4A–C), using
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FRCs [90]. The results show that different validation metrics
provide a different picture of the relative accuracy of the different approaches. In the reference-based MetaQUAST results,
MEGAHIT outperforms metaSPAdes and IDBA with metaSPAdes
containing the most error (mostly within the shortest contigs).
The de novo validation based on coverage only (Figure 4B) favors
metaSPAdes, while the validation based on break point events
favors MEGAHIT. MEGAHIT has fewer structural errors compared with metaSPAdes, especially in the largest contigs, while
metaSPAdes has fewer under-collapsed/over-collapsed repeats
when compared with MEGAHIT. Taken together, these validation results highlight the need for ‘use-case’ specific metagenomic assembly pipelines. Depending on the application,
different types of errors have varying impacts on the final results. For example, coverage errors make it difficult to estimate
relative abundances, thereby possibly confounding statistical
associations based on the assembled data. On the other hand,
errors with respect to a reference database are most relevant
when metagenomic assembly is applied to clinical data sets,
setting where most pathogens can be assumed to exist in reference collections.

Reference-based evaluation of long-read assemblies
We next evaluated the promise of long-read assembly using an
available HMP synthetic data set sequenced with both PacBio
[94] and TSLR [59] assembled with Canu [68]. We compared the
results with assemblies of the same data set using short-read
data. The full PacBio-only data set (median coverage 192-fold)
generates the most complete representation of the data set, reconstructing 67/83 Mb of the data set with several genomes and
plasmids in complete circular contigs (Figure 5). This assembly
also has a low rate of mis-assembly per megabase (0.23/100 kb)
and the lowest mismatch rate (1.87/100 kb). It also has a low insertion and deletion (indel) rate (3.83/100 kb), second only to
TSLR sequencing. As with clonal bacterial assemblies, despite
the high raw error rate of individual sequences, the consensus
assembly has high accuracy exceeding that of short-read data
sets because of the signal-based polishing of the consensus sequence [96]. A one-tenth subset PacBio-only assembly (median
coverage 19.5-fold) is still able to reconstruct 62/83 Mb of the
data set with high continuity and low error (0.24 errors/100 kb;
7.54 mismatches/100 kb; 129.77 indels/100 kb). Here, the coverage is insufficient for accurate polishing [97], leading to the
highest indel error rate, the predominant error mode of the
PacBio sequencer. This result could likely be improved by
Illumina-based correction [85]. The remaining assemblies did
not recover >28/83 Mb of the data set. However, the TSLR assembly had a low error rate across all metrics (0.19 errors/
100 kb; 4.95 mismatches/100 kb; 1.65 indels/100 kb).

Conclusion
Here, we have highlighted recent developments in metagenomic assembly, both from a computational and technological
perspective. Future technological advances are likely to have a
significant impact on metagenomics. Our analysis on the
mock HMP community highlights the power of singlemolecule sequencing to resolve complex repeats and simplify
assembly, albeit on a simple data set. Today, the use of longread technologies in metagenomics applications is limited, as
is the use of technologies generating long-range linking information. Some of these technologies, coupled with advances in
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Figure 4. Reference-based and consistency-based evaluations of an HMP sample. FRC plots produced by MetaQUAST and VALET comparing assemblies of a stool sample (SRS016203) from the HMP (using IDBA-UD [24], metaSPAdes [9] and MEGAHIT [10]). (A) Reference-based (MetaQUAST) validation (all mis-assemblies flagged), (B)
consistency-based (VALET) coverage anomalies and (C) consistency-based (VALET) break point errors. The y-axis represents the cumulative assembly size, considering
contigs from largest to smallest. The x-axis represents the cumulative number of errors within the contigs comprising the corresponding y-axis value. Curves toward
the top and left of the plot represent better assemblies—fewer errors for the same cumulative assembly size. Depending on metric, different assemblers perform
best—MEGAHIT has highest consistency with reference genomes and fewest break points, while MetaSpades has fewer coverage anomalies.

Figure 5. A bandage [95] visualization of the canu graphical assembly output. The
unitigs in the assembly were aligned to the reference and assigned to their best
match. Unitigs were colored by hand to match their species assignment. There are
several large circular structures, which correspond to complete chromosomes. The
smaller circles correspond to complete plasmids.

sample processing, will likely become sufficiently accurate
and cost-effective, allowing for a much more accurate reconstruction of the genomic composition of microbial communities. Combinations of short-read (for coverage) and long-read
(for continuity) are also possible, and several hybrid assemblers have been developed [98–102]. New technologies will also
provide new capabilities, such as the ability of the Oxford
Nanopore technology to ‘filter’ the reads within the sequencing instrument [103]. While only demonstrated with short targets, it has the potential to transform the way in which
sequencing is used on diagnostic/detection applications,
allowing researchers to bias the random sequencing process
toward the DNA fragments of interest. New algorithms and
software tools will continue to be developed to leverage such
technological advances.
Effective assembly validation approaches are a critical
need for the further progress of the field. Such tools will help
researchers evaluate new software tools and sequencing
strategies, and will highlight opportunities for further algorithmic development. Both reference-based and de novo validation strategies are important and need to continue to be
developed. Reference-based methods provide a valuable
lower bound on the performance of tools, while de novo methods allow the validation of assembly results and tuning of
parameters even in settings where reference genomes are
unavailable.
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Key Points
• Despite recent advances in metagenomic assembly,

assembled contigs are imperfect, and validation is key
for moving forward.
• There are numerous metagenomic assembly metrics;
understanding how to interpret each individual metric
is key to evaluation of the accuracy of assembly of gene
and genomes from metagenomes.
• VALET represents a de novo pipeline for detecting misassemblies in metagenomic data sets.
• Long-read technologies, such as PacBio RSII/Sequel,
Oxford Nanopore, etc., are highly effective in the context of isolate genomes, but technical hurdles remain
before they can be used routinely in metagenomic
applications.
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