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Abstract This chapter focuses on how metagenomic data are applied to examine
the genomic heterogeneity of natural microbial populations. It highlights the oppor-
tunities and challenges inherent to the approach and describes recently developed
methods to maximally leverage the potential of these datasets while tackling some of
the challenges. We describe how performing population genomic analyses using
metagenomic data allows (1) resolution of ecologically and genetically cohesive
populations in the environment, (2) tracking of evolutionary processes within them,
and (3) application of metatranscriptomic and metaproteomic analyses to determine
the in situ physiology of distinct populations. While challenges remain that are
inherent to the approach, the current wave of new bioinformatic tools is starting to
realize the theoretical potential of metagenomics to peer into the spatiotemporal
dynamics of the genetic structure of natural populations.
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1 Introduction

1.1 Scope of This Chapter

This chapter explores the advances that have been made in the area of population
genomics through studies that make use of metagenomic data. It covers methodo-
logical advances and challenges and biological insights that have been gathered.
Metagenomics [also called environmental or community genomics (Handelsman
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2004; Tyson et al. 2004)] is the analysis of data produced through randomly
sequencing fragments from a DNA pool extracted from environmental samples
(Fig. 1). In general, metagenomics finds its application in the study of the compo-
sition and functional potential of microbial communities in their native environment.
However, a growing number of studies are leveraging these datasets to gain unprec-
edented insights into the genetic composition of natural populations, i.e., groups of
individuals belonging to the same species that co-occur in space and time. In the
context of metagenomics, the term population genomics was initially—and con-
tinues to be—used as a synonym for metagenomics, a possible cause of confusion.
This has been particularly the case when referring to the reconstruction of a consen-
sus genome of a population through curated assembly of metagenomic data (DeLong
2004, 2005; Handelsman 2004; Tyson et al. 2004). In the context of this book
chapter, the strictest definition of metagenomic-based population genomics refers to
the analysis of genome-wide heterogeneity existing between individuals belonging
to the same species/ecotype (Whitaker and Banfield 2006).
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Fig. 1 Overview of applications of metagenomic-based population genomics discussed in this
chapter. After extracting, fragmenting, and generating sequencing reads to create a metagenomic
dataset, reads are typically aligned to a reference sequence, obtained from microbial isolates, single
cells (SAGs), or assembled from metagenomic data (MAGs). These data can be used to (left)
resolve ecologically distinct populations by identifying genetically similar reads originating from
distinct strains, (middle) determine in situ gene expression (using metatranscriptomic or
metaproteomic data), or (right) track evolutionary processes, for example, by identifying polymor-
phic sites where specific nucleotides rise to fixation over time
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While more theoretically motivated definition of populations is the focus of
another chapter in this book (Shapiro 2017), it is important to highlight how
population genomics using metagenomic data has contributed to our efforts to
recognize and delineate ecologically and evolutionary cohesive populations. Most
prominent is the demonstration of sequence-discrete populations in environmental
samples [Fig. 2; sensu (Caro-Quintero and Konstantinidis 2012)]. Conceptually, a
sequence-discrete population was defined by Caro-Quintero and Konstantinidis as
“the natural entity present in a community/sample that comprises genotypes, which
are clearly distinguishable from their closest co-occurring relatives (if any) based on
their high genetic relatedness and comparable relative abundance in situ.” Techni-
cally, such genotypic clusters are identified by comparing the nucleotide identity of
the short reads gathered in a metagenomic survey to a reference genome by means of
a process called read recruitment. Whereas similar observations of sequence-discrete
populations based on a single or multiple marker genes sequenced from bacterial
isolates had been made before (Hanage et al. 2006; Hunt et al. 2008; Rocap et al.
2003), the advent of metagenomic methodology allowed for a genome-wide assess-
ment of genetic relatedness of randomly sampled cells present in environmental
samples. These insights from isolate and metagenomic studies have helped move
forward the discussion regarding the existence of microbial species and specifically
how to define a microbial population. While genotypic variation within a defined
species can be large at a regional or global scale, thus complicating our ability to
define clear species boundaries, it is important to stress the inherent property of a
population to contain only individuals that are occurring in the same place at the
same time, i.e., that they are sympatric (Shapiro and Polz 2014; Cordero and Polz
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Fig. 2 Identification of populations using metagenomic data. Comparisons of sequences generated
from community DNA samples from two lakes to a reference genome of a bacterial isolate from one
of these two lakes. If discrete populations would not exist, the patterns on the left could be obtained,
while if ecologically and evolutionary cohesive populations that are distinct from the reference
population exist, the pattern on the right would be expected. The patterns on the right are the most
commonly observed [e.g., (Bendall et al. 2016, Caro-Quintero and Konstantinidis 2012)]
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2014). While implied by the definition of a population, early challenges to the idea
that discrete populations exist based on sequenced isolates from disparate locations
did not respect this condition of sympatry [e.g., (Welch et al. 2002)]. Further
discussion of insights into the microbial species concept derived from bacterial
population genomics is covered in other chapters (Shapiro and Polz 2015;
Shapiro 2017) and will not be discussed in detail here.

1.2 Approaches Included in This Chapter

Examining population-level variability within natural populations requires the avail-
ability of a reference sequence in most metagenomic approaches to population
genomics. There are multiple ways to obtain reference genomes: (1) from isolates,
preferably originating from the same environment/sample the metagenomic data are
derived from; (2) from genomes assembled from metagenomic data (metagenomic
assembled genome, MAG), which tends to be a composite sequence not represen-
tative of a single cell in the population; or (3) from a single cell genomic dataset
(single amplified genome, SAG). While our ability to generate MAGs was initially
limited to low complexity communities (Tyson et al. 2004), we can now reconstruct
100 s to 1000 s of genomes from metagenomic datasets. Few of these MAGs are
complete, and although contamination from other populations cannot be completely
excluded, obtaining >90% completeness with limited (<5%) contamination is
commonly achieved (Anantharaman et al. 2016; Delmont et al. 2017; Parks et al.
2017). Tools to refine sequence bins and estimate their completeness and purity are
continuously being developed (Broeksema et al. 2017; Eren et al. 2015; Parks et al.
2015) and will continue to improve genome reconstruction and bin refinement, so as
to provide a sounder basis for downstream population genomic analyses. More
uncertainty will remain in genomes assembled from metagenomes compared to
those from isolates.

Independent of the approach used to generate the reference genome, the central
tenet of the analysis is the comparison of randomly sampled and sequenced DNA
fragments with this reference genome to assess sequence content and compositional
variation of populations within and between environmental samples. A variety of
approaches to generate metagenomic DNA fragments can be applied. Most straight-
forward is to randomly generate sequences from DNA extracted from environmental
samples. Other approaches first reduce the diversity of the community, e.g., by
passing the sample through a series of filters with decreasing pore sizes (Baker
et al. 2010) or through (in situ) enrichments (Delmont et al. 2015). This allows for
the enrichment of specific populations of interest, therefore increasing sequencing
depth for population genomic analyses. Finally, instead of focusing on the entire
genome, one can target a series of sites across the genome. An approach recently
implemented, which may see much broader application, is to extract multi-locus
sequencing typing (MLST) genes from complex metagenomic datasets using refer-
ence sequences (Berry et al. 2017; Zolfo et al. 2017).
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Although the work discussed in this chapter relates to studies that use random
sequencing of DNA extracted from complex natural communities, occasionally
single cell genomics is categorized as a metagenomic approach. Single cell sequenc-
ing approaches sort a single cell from an environmental sample using dilution, flow
cytometry, or microfluidic approaches and subsequently perform DNA amplification
and genome sequencing (Blainey 2013). Genome sequencing analyses of single cells
representing the same naturally occurring population is similar to metagenomics, as
both eliminate culturing biases. Other than that aspect, population genomics based
on single cell sequencing [e.g., (Kashtan et al. 2017; Malmstrom et al. 2013;
Zaremba-Niedzwiedzka et al. 2013)] is conceptually and methodologically similar
to the analysis of representative isolate genomes from natural populations [e.g.,
(Hunt et al. 2008)], discussed elsewhere in this book. Testament to the power of
this approach, Kashtan and colleagues used single cell genomic data of
Prochlorococcus cells from ocean water to demonstrate the existence of hundreds
of co-occurring populations. These populations were shown to differ from each other
in terms of genome content, such as the presence of small genomic islands that most
likely conferred predation resistance and phage recognition), as well as genome-
wide sequence composition (Kashtan et al. 2014). These insights were gained by
characterizing >1,000 cells by sequencing of the rRNA ITS region, while a subset of
69 cells was sequenced to >70% estimated genome completeness. As mentioned
above, single cell genome sequencing is also commonly used to generate a reference
sequence, after which sequencing reads from metagenomic surveys from the same or
different environments can be aligned to this genome to evaluate population-level
heterogeneity, which is of relevance to this chapter [e.g., (Thrash et al. 2014)].

2 Opportunities and Challenges

2.1 Opportunities

The advantage of metagenomic approaches compared to single isolate approaches is
the ability to sample a very high number of individuals without culturing bias. While
the number of individual cells that can be analyzed is rapidly increasing for single
cell approaches, the number of cells sampled and typical reconstructed genome
completeness remains higher in metagenomic approaches. This offers the unprece-
dented ability to peer deeply into the genetic structure of natural populations and has
revealed the extraordinary genetic diversity that exists among groups of closely
related microbes. The extent of this diversity and the correlation between the
abundance of genetic subclusters with distinct environmental conditions can result
in the division of previously named taxonomic units into ecologically distinct
populations (Bhaya et al. 2007; Denef et al. 2010a). A hallmark of such newly
defined populations is extensive diversity in gene content and sequence composition
(Denef et al. 2010a; Simmons et al. 2008). Initially, there were doubts that environ-
ments beyond reduced complexity systems such as the acid mine drainage system, in
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which pioneering studies of population genomics using metagenomics were
conducted, could be tackled (Denef et al. 2010b). However, recent work has
expanded the approach to systems ranging from the human microbiome to aquatic
environments (Bendall et al. 2016; Nayfach et al. 2016; Olm et al. 2017). Impor-
tantly, the use of metagenomic approaches allows us to access 10 s—1000 s of
populations at the same time (Anantharaman et al. 2016; Parks et al. 2017). The
tremendous growth of publicly available metagenomic datasets, as well as reference
genomes from microbial isolates or single cell genomics projects, is another major
opportunity to tackle new population genomic questions without additional sequenc-
ing efforts. This was demonstrated in recent studies that have leveraged thousands of
human microbiome metagenomic datasets to uncover strain-level dynamics and
infer mode of transmission and biogeographical patterns among hundreds of bacte-
rial populations simultaneously (Nayfach et al. 2016; Truong et al. 2017).

2.2 Challenges

However, many challenges remain (Table 1). The first and possibly most important
major challenge is the lack of linkage between variant sites (nucleotide substitutions,
insertions and deletions, rearrangements), i.e., using metagenomic data we are
unable to determine which alleles across the genome are present in one lineage
versus another. As a consequence, most environmental population genomic
approaches have relied on isolate or single cell-derived sequences (Kashtan et al.
2014; Krause and Whitaker 2015; Shapiro and Polz 2014). Multiple factors can be
responsible for lack of linkage in metagenomic data: (1) the number of variant loci
across the genome is typically too low compared to sequencing read length (gener-
ally 100-150 nucleotides) or sequencing library fragment size (up to several hundred
nt) to enable linkage across more than a few hundred nucleotides, and (2) in
metagenomic datasets, each sequencing read typically originates from a different
individual. As a result, we are limited to identifying which sites are polymorphic in
the population or which sites are divergent between coexisting closely related
populations. Determining which mutations occur across the genomes of a single
lineage remains possible only by using isolate or single cell genomic data unless
population structure is very simple (Denef and Banfield 2012), although new
approaches based on statistical inferences may change this (e.g., DESMAN, see
below). Considering these challenges due to read length of the most commonly used
next-generation sequencing platforms, it is thus not surprising that some of the most
thorough metagenomic population genomic work has been carried out using longer
sequences, such as those obtained by Sanger sequencing. These studies were largely
successful because long sequence reads and library insert size enable linkage across
several kilobases at a time (Allen et al. 2007; Eppley et al. 2007; Konstantinidis and
DeLong 2008; Simmons et al. 2008). Technological innovation is ongoing, and
newer sequencing platforms (e.g., PacBio, Oxford Nanopore) may resolve the read
length issues, as long as they continue to offer high sampling depth and limited
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Table 1 Fundamental challenges for metagenomic-based population genomic analyses

Challenge

Approaches to
address challenge

Remaining issues

Example studies

Linking SNPs
co-occurring in

Link by relative
abundance

Only works for low
within-population genetic

Denef and Banfield
(2012); Quince et al.

the same diversity or requires high | (2017)
individual number of samples
Focus on overall pat- | Limited to broad interpre- | Bendall et al. (2016)
terns of polymor- tations regarding genome-
phisms across wide vs gene-specific
genome selective sweeps
Long-read sequenc- High error rates, or lower | Sharon et al. (2015)
ing technologies sequence coverage, or not
broadly available
Differentiating | Tool for identifying Only helps resolve SNPs | Zojer et al. (2017)

SNPs vs errors

true sequence variants
from sequencing error
(Varcap)

present in >2% of
population

Tools for removing
error-based bias in
population genetic
parameter
calculations

Platform-specific, unclear
if it removes sequence-
library-dependent bias

Johnson and Slatkin
(2006); Johnson and
Slatkin (2008); Johnson
and Slatkin (2009);
Nielsen et al. (2011)

Obtaining suf-
ficient
sequence
coverage

Physical- or affinity-
based enrichment of
target populations

Affinity-based methods
often technically chal-
lenging, physical methods
restricted to populations
with outlier cell size

Baker et al. (2006);
Hatzenpichler et al.
(2016); Pernthaler et al.
(2008)

Tracking gene
gain/loss

Reference-free
sequencing read
dataset comparisons

Untested for population
genomic analyses

Nijkamp et al. (2013)

Sample-by-sample
genome
reconstruction

Restricted to populations
that are abundant across
time series

Bendall et al. (2016)

sequencing errors (see below), which is typically not yet the case [but see (Sharon
et al. 2015)]. Alternatively, methods that use cross-linking of DNA within the cell
may allow the connection of physically linked variants (Marbouty et al. 2014), but
this method has not been applied to population genomic studies.

The second major challenge is the issue of sequencing error, which results in false
positive polymorphic sites. These errors usually occur as low-frequency “mutations”
that are often observed only once (Schirmer et al. 2016). As several population
genetic parameters require knowledge of all polymorphic sites, including those
occurring at low frequency, errors will bias their metagenomics-based estimates.
Case in point is Watterson’s theta (Watterson 1975), which estimates the genetic
diversity present in a population based on which we can estimate mutation rates
and/or effective population sizes and which requires even the knowledge of the
frequency of singleton variant sites. As new sequencing platforms have emerged,
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each with their specific error spectrum, a variety of tools have been developed to
differentiate between true variants and sequencing errors. Some tools assign confi-
dence levels to observed variants, with the goal of reducing false positive variants
[e.g., VarCap (Zojer et al. 2017)] focuses on improving reliability of identifying
variants >2% of the population), or to remove bias in population genetic parameter
estimates (Johnson and Slatkin 2006, 2008, 2009; Nielsen et al. 2011). In addition to
sequencing platform-specific error profiles (Schirmer et al. 2016), a complication
arises from the observation that errors can be sequencing library preparation protocol
dependent. This issue was highlighted recently in a reanalysis of the preterm fecal
microbiome metagenomic data that is frequently used as a benchmark dataset for
new bioinformatic tools (Sharon et al. 2013). It could be shown that the day-by-day
alternation between two SNP patterns in a bacterial population was caused by
different library preparation methods used on even and odd days [http://merenlab.
org/2016/12/14/coverage-variation/ comment on (Eren et al. 2015) based on data
from (Sharon et al. 2013)].

The third challenge is obtaining sufficient sampling depth, which is the number of
sequences that cover a particular region of the genome. Sufficient sequence coverage
is needed to accurately estimate allele frequencies, and as such most analyses are
currently limited to the most abundant populations in environmental samples. Yet,
we have progressed far beyond what the research community envisioned just a few
years ago with respect to the number of near-complete genomes that we can
reconstruct from environmental samples. Such genomes can subsequently be used
to examine the genetic structure of the corresponding populations. In part, this is due
to the development of physical (e.g., size-selective filtration)- or affinity (e.g., based
on use of fluorescent in situ hybridization and cell sorting)-based methods (Baker
et al. 2006; Hatzenpichler et al. 2016; Pernthaler et al. 2008) through which
populations of interest (e.g., based on taxonomic identity or metabolic activity)
can be enriched, facilitating population genomic analysis from the corresponding
metagenomic data (Deng et al. 2014).

Finally, the identification of gene content differences within a population can be
challenging when using metagenomic data. Unless extensive manual curation of an
assembly is performed [e.g., (Simmons et al. 2008)], genomic regions (islands)
carried only by low-abundance subpopulations (i.e., part of a population’s “flexible
genome”) will generally not be binned in the consensus genome of the population of
interest (i.e., the “core genome”). This is because these genomic regions (a) diverge
in their k-mer (specific stretches of nucleotides, e.g., tetramers ATGC, AATG, etc.)
composition [used in most binning applications that seek to group fragments of
contiguous sequence (contigs) originating from the same genome such as VizBin
(Laczny et al. 2015), CONCOCT (Alneberg et al. 2014), and TETRA-ESOM (Dick
et al. 2009)] compared to core genome contigs, (b) have differential coverage
patterns that diverge from the core genome of the population [also commonly used
in binning applications (e.g., CONCOCT (Alneberg et al. 2014), GroopM (Imelfort
et al. 2014), metagenome (Albertsen et al. 2013))], and/or (c) will often fail to
assemble into large enough contigs to allow accurate binning due to the low
abundance of the subpopulations they derive from. Similarly, when using
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metagenomic sequences to identify variants across datasets by mapping sequence
reads to reference genomes, we can only track changes in frequency among regions
shared by these populations and cannot identify the addition of new genomic regions
due to horizontal gene transfer [see (DeLong 2012) in commentary on (Denef and
Banfield 2012)]. Yet, we know that such differences constitute a significant fraction
of population-level genomic heterogeneity. Evidence regarding the physiological
importance of these unique regions is mixed (Denef et al. 2010a; Frias-Lopez et al.
2008; Gogarten and Townsend 2005; Kuo and Ochman 2009; Thompson et al. 2011;
Hehemann et al. 2016). Nonetheless, it is important to try to include these regions in
metagenomic-enabled population genomic analyses as gene frequencies at either
intermediate or low levels result from frequency-dependent selective pressures by
social and ecological interactions and thus suggests adaptive roles for flexible
genome content (Coleman et al. 2006; Cordero et al. 2012; Cordero and Polz
2014; Kashtan et al. 2014; Rodriguez-Valera et al. 2016).

3 Current Applications

We present a series of recently developed tools to facilitate population genomic
analyses using metagenomic data and explore three types of applications of these
methods (Fig. 1; Table 2). First, we provide an overview of how these methods are
being used to resolve ecologically and genetically distinct populations that would
previously have been considered as a single operational taxonomic unit (OTU). Most
commonly OTUs are defined based on 16S rRNA gene sequence identity, but these
can similarly be defined based on multiple housekeeping genes or complete
genomes. Second, we show how these approaches can be used to infer the physiol-
ogy of distinct populations. Third, we summarize applications of these methods to
gather insights into evolutionary processes occurring in natural microbial
populations.

3.1 Methods

Read mapping to a reference sequence is a key step in most population genomic
approaches. Over time a wide array of read alignment tools have become available,
each with their own user-specified tunable parameters. Naturally, this flexibility may
affect our ability to accurately perform population genomic analyses. In a recent
comparative analysis, popular tools such as bwa (Li and Durbin 2010) and bowtie2
(Langmead and Salzberg 2012) resulted in similar and more accurate results than
some other tools when all were run using default parameter settings (http://merenlab.
org/2015/06/23/comparing-different-mapping-software/). In more recent years,
reference-free methods have been developed that avoid some drawbacks of the
reference-based approach, particularly the inability to detect parts of the population’s
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Table 2 Goals, approaches, and challenges for metagenomic-based population genomic analyses

Goal Approaches Challenges Example studies
Resolving eco- Identifying Read recruitment Determine relevant | Caro-Quintero and
logically and sequence- (e.g., bowtie2, sampling scales to | Konstantinidis
genetically cohe- | discrete bwa) + custom capture sympatric (2012)
sive populations | populations scripts for data individuals (e.g.,
plotting bulk water vs size-
fractionated
samples)
Distinguish Growing suite of Database depen- Luo et al. (2015);
diverging automated tools dency of many Zolfo et al. (2017);
within-species | such as Constrains, | tools limits us to Nayfach et al.
ecological MetaMLST, species with exten- | (2016); Asnicar
dynamics MIDAS, PanPhlAn, | sive reference etal. (2017); Ward
StrainPhlAn, genome availability | et al. (2016);
Identify strain- | DESMAN, and Most approaches Quince et al.
LSA (2017); Cleary

specific gene
content and
SNPs

need a large num-
ber of samples to
be effective

et al. (2015)

Determining
physiology of
ecologically and
genetically cohe-
sive populations

Identify in situ
differences in
gene expres-
sion between
co-occurring
strains

Custom scripts/
manual as well as
automated tools to
resolve
metatranscriptomic
or metaproteomic
data (e.g.,
PanPhlAn)

Relationship
between expression
levels and process
rates rarely known

Wilmes et al.
(2008); Denef
et al. (2010a);
Brooks et al.
(2015); Asnicar
et al. (2017)

Estimate in
situ growth
rates

iRep, based on
metagenomic cov-
erage patterns

Not benchmarked
against measured
growth rates thus
far

Olm et al. (2017)

Tracking evolu-
tionary processes
within ecologi-
cally and geneti-
cally cohesive
populations

Homologous
recombination
vs mutation

Manual tools (e.g.,
Strainer) to visually
identify and quan-
tify recombination
sites or automated
tools to determine
recombination vs
mutation rates

Manual work is low
throughput

Eppley et al.
(2007); Johnson
and Slatkin (2009)

Gene gain/loss

Custom scripts to

Can we discrimi-

Bendall et al.

determine gene nate gene gain/loss | (2016)

content differences | in population vs

between MAGs strain replacement?

representing same

population across

time series samples
Natural Custom scripts/ Challenging in Denef and
selection manual approach to | “open” systems Banfield (2012);

determine mutation
rates and/or gene-
specific vs genome-
wide selective
sweeps

Roux et al. (2014);
Bendall et al.
(2016)
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flexible genome. One such tool is able to detect gene frequency patterns across
samples of regions of the genome that are not represented in reference sequences
[e.g., MARYGOLD (Nijkamp et al. 2013)]. Historically, population genomic anal-
ysis of metagenomic data relied on manual analysis, either through existing assem-
bly visualization/curation software (Morowitz et al. 2011; Simmons et al. 2008),
through generic graphing software (e.g., excel, R) to visualize the distribution of
sequence similarities among reads mapping to a population’s contigs (Fig. 2;
[Bendall et al. 2016; Caro-Quintero and Konstantinidis 2012; Oh et al. 2011)], or
through software developed specifically for the resolution of bacterial strains in
metagenomic data [e.g., Strainer (Eppley et al. 2007)]. While these approaches
worked, a drawback of these methods is the labor-intensiveness and difficulty to
reproduce similar results by independent users with different levels of expertise.

More recently, a variety of tools have been developed to (1) remove bias due to
sequencing error [VarCap (Zojer et al. 2017)], (2) extract population genomic
metrics (e.g., Watterson’s theta) from next-generation sequencing data (Haubold
et al. 2010; Johnson and Slatkin 2006), (3) visualize SNP patterns across sample
series in assembled contigs [e.g., using Anvi’o (Eren et al. 2015)], and (4) resolve
closely related strains from metagenomic datasets [e.g., ConStrains (Luo et al. 2015),
MIDAS (Nayfach et al. 2016), DESMAN (Quince et al. 2017), StrainPhlAn (Truong
et al. 2017), PanPhlAn (Scholz et al. 2016), and LSA (Cleary et al. 2015)]. The
development of the latter set of tools is particularly exciting, as it promises to greatly
facilitate the resolution of strain dynamics and the coupling of gene content and
sequence composition data with dynamics in population abundance across environ-
mental or temporal gradients as has been performed manually previously (Denef
et al. 2010a; Morowitz et al. 2011).

Most of the strain resolution tools rely heavily on whole genome reference
databases, which are reasonably representative for some microbial systems such as
the human microbiome, but much less so for other systems such as terrestrial and
aquatic biomes. The reliance on reference genomes limits the ability for strain
resolution in these other environments at this point (Nayfach et al. 2016). All of
the reference-based tools are able to analyze thousands of metagenomic datasets at
the same time while extracting strain dynamics for many species at the same time,
e.g., 135 in the case of the study by Truong et al. (2017). Based on their own
benchmark study, StrainPhlAn appears to reduce the per-nucleotide nucleotide
variant identification error to less than 0.1%, granting more accurate strain identifi-
cation than tools such as MIDAS and ConStrains. PanPhlAn is similar in approach to
StrainPhlAn, but is focused on identifying strain-specific gene content, rather than
nucleotide substitutions (Scholz et al. 2016).

In contrast, strain resolution tools such as DESMAN and LSA take reference
sequence-independent approaches and, in the case of LSA, even an assembly-
independent approach. DESMAN identifies strains, including both genotype-
specific nucleotide substitutions and gene content variation, from metagenomic
data generated from a sample collection. After validating their approach with a
mock dataset, they applied their method to examine abundance patterns of different
strains within a large set of ocean metagenomic data (TARA Oceans). While
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DESMAN allows the identification of novel strains, it is highly dependent on the
quality of the assembly and binning steps and requires a relatively large number of
samples to be effective (Quince et al. 2017). Many researchers currently rely on
automatic binning approaches to generate their metagenomic sequence bins, but
these can be highly inaccurate, depending on community composition including the
extent of co-occurring closely related populations and the extent of community
turnover in the temporal or spatial sample series. While DESMAN has the ability
to further resolve multi-strain bins, careful manual curation, aided by tools such as
Anvi’o (Delmont et al. 2017) or [CoVeR (Broeksema et al. 2017), may be necessary
for downstream population genomic analyses. The second assembly-independent
approach discussed here, latent genome analysis (LSA; Cleary et al. 2015), separates
sequencing reads prior to assembly by calculating unobserved variables call
“eigengenomes” that reflect covariance in k-mer abundances across a sample series.
This method allowed for the separation and downstream assembly of specific
genomic regions of strains sharing less than 99.5% average nucleotide identity,
while regions of the genome highly conserved between strains were grouped
together as sequencing reads from which conserved core genome could be
assembled.

Beyond whole genome approaches, several approaches have been developed to
extract population-specific sequences for a set of core genes. The concept of multi-
locus sequence typing (MLST) (Maiden et al. 1998) used for population genetic
analysis of isolates has been implemented in metagenomic data analysis either
through a series of custom bioinformatic scripts (Berry et al. 2017) or through
more streamlined packages such as MetaMLST (Zolfo et al. 2017), ConStrains
(Luo et al. 2015), and MetaPhlAn2 (Truong et al. 2015). Finally, to resolve true
sequence variants from sequencing errors, tools such as oligotyping (Eren et al.
2013) can be applied to sequence reads covering marker genes, though we are not
aware of applications to metagenomic data thus far.

3.2 Resolving Ecologically and Genetically Cohesive
Populations

The motivation to develop these new metagenomic tools originated from the reali-
zation that studies using single marker genes clustered at a fixed identity level (i.e.,
OTUs) likely miss key community dynamics since multiple ecologically distinct
populations were clustered together in a single OTU (Acinas et al. 2004; Denef et al.
2010a; Eckburg et al. 2005; Fraser et al. 2009; Fuhrman and Campbell 1998;
Giovannoni et al. 1990; Hahn et al. 2016; Hunt et al. 2008; Larkin and Martiny
2017; Morowitz et al. 2011; Rocap et al. 2003; Shapiro et al. 2012; Shapiro and Polz
2014; Sharon et al. 2013; Wilmes et al. 2008). The ability to resolve strain-level
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differences in microbial communities and detect the dynamics of highly related
genotypes will likely lead to rapid advances in our ability to study microbial ecology
at the appropriate resolution. We present here some of the most recent examples of
how streamlined strain-resolved analyses are leading to previously unrecognized
ecological patterns.

Using MIDAS, researchers were able to identify strains in metagenomic datasets
and this revealed dynamics that could not be observed at a higher taxonomic level
(e.g., species) (Nayfach et al. 2016). Conceptually, the finding that important
ecological dynamics are masked by clustering distinct populations into higher
taxonomic levels is similar to previous findings. Particularly, a study by
Rodriguez-Brito and coauthors showed that hidden underneath the observed stability
at coarser genetic resolution (“species” level) were strongly fluctuating abundances
of ecologically distinct “strains” grouped at the species level (Rodriguez-Brito et al.
2010). The study by Nayfach and coauthors revealed that mothers pass on a large
percentage of bacterial allele variants to their children in the early days after birth. In
the subsequent postnatal months, even as the number of species shared between
mother and child increases, the strain composition gradually diverges (Fig. 3a, b),
indicating increasing importance of colonization from other sources (Nayfach et al.
2016). These findings were confirmed in a similar study using PanPhlAn and
StrainPhlAn (Asnicar et al. 2017). At a larger spatial scale, links between geographic
distance and strain correspondence have been found in human populations using
StrainPhlAn as well and indicate limited overlap in strains between geographically
distinct populations (Truong et al. 2017).

Several of the recently developed methods allow us to pinpoint the specific gene
content and SNP variation that differentiates closely related but ecologically distinct
populations from each other to attempt to explain their distinct population dynamics.
For example, resolution of strains and identifying strain-specific gene content has
allowed for the identification of specific strains involved in diseases where tradi-
tional approaches failed to do so. Using PanPhlAn, Ward and coauthors identified
strain-specific gene content of Escherichia coli using 166 infant microbiomes and
identified strains associated with infant risk for necrotizing enterocolitis to be
enriched in genes involved in iron acquisition and specific energy and amino acid
metabolism functions (Ward et al. 2016). In another study, an analysis of regional
strain-level variability identified regionally distinct horizontally transferred genes, in
large part glycosyl transferase family proteins likely reflecting dietary differences at
both large and small spatial scales (Brito et al. 2016) (Fig. 3c). While these studies
did not aim to resolve co-occurring closely related populations, the same approach
could be applied to identify genes differentiating sympatric populations.

The field of epidemiology is also embracing metagenomic tools to better under-
stand disease outbreaks. As MLST is a common method used in epidemiological
studies using isolates, tools adapted to metagenomic data, such as MetaMLST, have
been used to identify strains in disease outbreaks (Zolfo et al. 2017). In addition, the
large number of reference sequences available for pathogenic bacteria in
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Fig. 3 Examples of the automated resolution of strains in metagenomic data. (a, b) Comparison of
metagenomic data in mother-infant pairs using MIDAS indicated that while the number of shared
species increases with time after birth (a), vertical transmission of strains is particularly important
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combination with automated tools greatly facilitates the use of metagenomic data to
perform epidemiological studies. This allows us to expand on the studies that were
thus far limited to isolate sequence data and enables insights into strain transmission,
retention, and tissue specificity within the human body in the absence of any
culturing bias (Donati et al. 2016).

Outside of the human microbiome, we are currently limited to analyzing a
handful of lineages that have an adequate representation in the databases, although
the generation of novel genomes reconstructed from metagenomic data and single
cell genomics is rapidly increasing the number and taxonomic coverage of available
references. For two well-represented taxa, the marine Pelagibacter and
Prochlorococcus, MIDAS has been used to determine differences between
populations in different oceanic regions by evaluating gene content overlap
(Nayfach et al. 2016). Conventional approaches failed to detect these phenomena
(Sunagawa et al. 2015). Whether these patterns were due to dispersal limitation or
due to environmental selection according to conditions that differ between oceanic
regions and that correlated with distance could not be resolved.

Expanding population-resolved analyses beyond taxa currently well represented
in genomic databases, Garcia and coauthors generated their own system-specific (in
casu, a specific lake) database of 33 reference genomes using single cell genomics
and did read recruitment using metagenomic data from a 5-year sample time series
from the same lake. They revealed distinct patterns for several abundant lineages.
Some lineages could be resolved into distinct genotypes with clearly distinguished
ecological dynamics that likely represented separate populations (e.g.,
Actinobacteria acl lineages). Other lineages (e.g., Alphaproteobacteria LD12, the
freshwater sister group to marine Pelagibacter) did not have sequence-discrete nor
ecologically distinct within-group dynamics (Garcia et al. 2016); thus distinct
populations could not be resolved, or all sampled cells belonged to a single popu-
lation. The availability of more nonhuman microbiome reference sequences, in
combination with the recently developed automated tools to deconvolute strain
patterns and identify alleles and gene content differences associated with these
strains, is promising.

<
«

Fig. 3 (continued) early in life and decreases as time goes on, based on the % of shared alleles in
core genome marker genes (b). (¢) Resolution of strain-specific differences due to divergence in
mobile element gene content showed that the type and abundance of specific glycoside hydrolase
gene families diverged significantly between a cohort from Fiji (FijiCOMP) and North America
(HMP). Prevalence indicates the % of fecal samples in the cohort that the protein family was
identified in. Abundance, expressed in fragments per kilobase of protein coding sequence per
million mapped reads (FPKM), presents the relative abundance spectrum across all samples in
each cohort. Asterisks indicate significant differences in prevalence and abundance. Figure adapted
from Nayfach et al. (2016) Fig. 3 and Brito et al. (2016) Fig. 1
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3.3 Determining Physiology of Ecologically and Genetically
Cohesive Populations

In contrast to tracking population dynamics of closely related genotypes, only
limited exploration of their physiological similarities and differences in the environ-
ment has been performed. When cultured isolates are available, it has been shown
that closely related strains can adopt widely divergent physiologies, e.g., based on
light spectrum preferences (Moore and Chisholm 1999) or temperature (Yung et al.
2015). Similar to metagenomics, a culture-independent approach can be taken to
determine physiology of strains directly in the environment. This could theoretically
be done by a combination of in situ hybridization [e.g., targeting genes sufficiently
divergent to enable strain-specific hybridization using fluorescent in situ hybridiza-
tion (Barrero-Canosa et al. 2017)] with assays gathering insights on physiology such
as Raman spectrometry (Huang et al. 2007) or nano-SIMS (Behrens et al. 2008) that
determine the ability for specific substrate uptake and/or metabolism.

Thus far, however, inferences about physiological differences between closely
related but ecologically/genetically distinct populations have been made primarily
by determining differences in transcript or protein abundances using
metatranscriptomic and metaproteomic approaches. While translating gene expres-
sion to process rates remains challenging, recent studies integrating in situ expres-
sion and process measurements indicate the possibility to use gene expression data
for process rate predictions (Wilson et al. 2017). Resolving expression patterns
between closely related populations is particularly insightful when they are sympat-
ric as these data can provide clues to the genetic differences that underlie ecological
differences between these populations. Examples include the use of strain-resolved
proteomics to show strain-level differences in biological phosphorus removal bio-
reactor communities (Wilmes et al. 2008), to identify pathways underpinning r- vs
K-strategy ecotypes in biofilm development (Denef et al. 2010a), and to show
physiological differences in chemotaxis and motility between closely related strains
with distinct successional dynamics during preterm infant gut colonization (Brooks
etal. 2015). All of these studies relied on a relatively labor-intensive manual effort to
resolve strain-specific protein abundance levels and typically are focused on a single
“species”-level group. More recently, automated strain-resolved metagenomic
methods have also been used at a metatranscriptomic level [PanPhlAn; (Scholz
et al. 2016)]. The method has been focused mostly on confirming activity of
organisms in situ at strain-level resolution, for example, to show that strains verti-
cally transmitted from mother to child were active in both the mother and child’s gut
environments (Asnicar et al. 2017).

Innovative tools have also been developed to gain insights into in situ growth
rates of natural populations. When recruiting sequencing reads to assembled contigs
from metagenomic data, it becomes apparent that replicating bacterial populations
generate distinct coverage trends during bidirectional genome replication. Coverage
is higher at the origin of replication and decreases toward the terminus. iRep is a tool
that exploits this pattern to estimate an index of replication, which can be interpreted
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as the fraction of the population that is actively making one genome copy at the time
of sampling (Brown et al. 2016). The iRep estimate is a population-average value,
and the existence of multiple replication forks during genome replication can bias
this index (i.e., values >2 can be achieved). Olm and coauthors used iRep to track
growth rates of strains across different body sites of preterm infants. First, they
determined that identical strains could be found on multiple body parts. However,
using iRep, they found that the replication rates of each strain differed depending on
body site (Olm et al. 2017).

3.4 Tracking Evolutionary Processes Within Ecologically
and Genetically Cohesive Populations

As stated at the start of the chapter, the analysis of metagenomic data allows us to
resolve the genetic structure of natural populations. We discuss here findings related
to the role of homologous recombination relative to mutation, variability in the
flexible genome, and using metagenomic data to study natural selection.

Metagenomic analyses of the genetic structure of natural populations have led to
new insights regarding the importance of homologous recombination within and
between natural populations. Manual inspection of some of the first genomic
datasets reconstructed from metagenomic data from an acid mine drainage system
revealed the coexistence of multiple Ferroplasma populations that were inferred to
be mosaic genomes originating from homologous recombination between at least
three parent populations (Tyson et al. 2004). These findings were confirmed when
comparing environmental metagenomic data to the genome of an isolate of the same
species (Allen et al. 2007). A more quantitative approach was applied by Eppley and
coauthors who found that the recombination rate within a Ferroplasma population
was higher than the recombination rate between Ferroplasma populations. This
suggested the presence of a species boundary based on genetic distance and
within-species genetic cohesion mediated by homologous recombination (Eppley
et al. 2007). Nonetheless, recombination still occurred between the two Ferroplasma
populations, at rates proportional to varying sequence similarity across the genome.
The continuation of homologous recombination in more conserved regions of the
genome, while more divergent regions being already genetically more isolated, is in
line with the model of temporally fragmented speciation proposed by Retchless and
Lawrence (2007).

While all the studies mentioned in the previous paragraph focused on the same
populations in acid mine drainage systems, they inspired new research on the
importance of recombination in other systems and the development of automated
methods to estimate recombination rates while controlling for sequencing errors
(Johnson and Slatkin 2009). Subsequent studies found recombination to be common
in marine populations, though at rates roughly four times lower than those observed
in the acid mine drainage system archaeal populations (Konstantinidis and DeL.ong
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2008). In thermophilic cyanobacteria, recombination rates have been shown to be
similar to mutation rates observed through comparing metagenomic data with isolate
genome sequence data (Rosen et al. 2015). In contrast, very low recombination rates
relative to mutation rates were observed when comparing single cell genomes of
LD12, the freshwater sister lineage of the abundant marine group Pelagibacter
(Zaremba-Niedzwiedzka et al. 2013). These results indicate that recombination
rates can be highly population-specific, and no generalization regarding the impor-
tance of recombination relative to mutation should be made. At the same time, it has
to be noted that these rate comparisons generally do not control explicitly for
differences in genetic distance between the sequences (and corresponding strains)
considered.

Metagenomic data has also been used to study recombination within viral
populations. A particular focus has been put on the CRISPR locus, which primarily
functions as an adaptive defense system against viruses and is composed of an array
of repeats interspersed with unique DNA segments called spacers. These CRISPR
spacers most likely originate from the DNA of viruses infecting the microbial host
that carries the CRISPR array in its DNA. Sequence reads that contained a sequence
identical to a spacer sequence but no CRISPR repeats were identified as belonging to
the targeted viruses and subsequently used to reconstruct viral genomic datasets.
These reconstructions indicated the ability of some viruses to escape the microbial
host’s CRISPR viral defense system by homologous recombination. Erosion of
linkage between viral genome variant positions at sequence lengths similar to the
size of the CRISPR spacers leads to evasion of the CRISPR defense system by the
viruses (Andersson and Banfield 2008). Similarly, by introducing multiple phage
genotypes in a phage-bacterial coevolution experiment, recombination was shown to
be an important mechanism to overcome CRISPR-based immunity (Paez-Espino
et al. 2015).

Gene content differences between and within ecologically cohesive populations
are observed commonly in studies using isolates. The analysis of metagenomic data
has made it abundantly clear that genomic heterogeneity at the level of gene content
is a hallmark of natural populations due to rapid gene gain and loss (Wilmes et al.
2009). The benefit of metagenomic data is that is has allowed for a quantitative
assessment of the differential abundance of particular genomic islands between
divergent environments (Coleman and Chisholm 2010) and over time (Bendall
et al. 2016). The evolutionary origin of these gene content differences has been
hypothesized to lie in a variety of ecological interactions (Cordero and Polz 2014)
including viral predation (Rodriguez-Valera et al. 2009). From the enrichment of
nutrient uptake genes under nutrient limitation (Coleman and Chisholm 2010), to the
extensive gene flux in the mobile gene pool within and across species boundaries
(Boucher et al. 2011), gene content differences are commonly observed to differen-
tiate populations across space or time, despite overall cohesion of the rest of the
genome.

Finally, efforts have been focused on identifying the effects of selection, which
has been reviewed previously (Wilmes et al. 2009). Since that review, deep sampling
of natural populations with metagenomic data generated from time series from a
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relatively closed system (acid mine drainage) has been used to determine nucleotide
fixation rates in the environment (Denef and Banfield 2012). The estimated rate was
similar to findings in laboratory experimental evolution experiments (Barrick et al.
2009). Also, the loci affected by fixed non-synonymous mutations were biased
toward regulatory genes in both the laboratory and environmental studies (Barrick
et al. 2009), pointing to the importance of gene expression evolution in the early
stages of evolutionary and ecological differentiation.

Despite challenges posed by dispersal in more open systems, a recent application
of time-series metagenomics in a freshwater lake was able to show that both gene-
specific and genome-wide selective sweeps occur in natural populations (Bendall
et al. 2016) (Fig. 4). Other studies using isolates have indicated the possibility of
gene-specific selective sweeps as well (Shapiro et al. 2012), and a previous
metagenomic study has shown that orthologous regions differentiating coexisting
organisms based on nucleotide substitutions did not show evidence of positive
selection, contrary to predictions from the ecotype model (Simmons et al. 2008).
Thus, population genomic studies using metagenomic data have added support for
the importance of both gene-specific selective sweeps and genome-wide selective
sweeps. The latter are in support of the ecotype model, i.e., that all diversity in an
ecologically and evolutionary cohesive cluster of cells is regularly purged by
selection of one specific adaptive genotype within the cluster, while the former
indicates that recombination rates can be sufficiently high to undo the effects of
selection. As argued by Shapiro and Polz (2015), there likely is no single model of
speciation, but rather a spectrum determined by the contributions from gene flow and
selection.

Time series metagenomic analyses have also suggested genome-wide selective
sweeps in viral populations (Roux et al. 2014). Moreover, the dynamic interplay
between viral and bacterial evolution has attracted the attention of researchers
applying metagenomic tools, with a particular focus on dynamic changes occurring
as a result of selection at CRISPR viral defense system loci. These analyses have
given us insight into individual cell lineages’ exposure history to viruses and have
shown that CRISPR loci can be a population genome’s most highly diverse loci
(Tyson and Banfield 2008). Time series analyses of CRISPR sites have been used to
(1) determine the retention of spacers and changes occurring in both CRISPR
spacers and targeted viral genome loci (Sun et al. 2016), (2) model the evolutionary
benefits of conservation of trailer-end (i.e., older) CRISPR spacers (Weinberger et al.
2012), and (3) identify molecular mechanisms such as incomplete immunity based
on a single CRISPR spacer that may explain coevolutionary dynamics that deviate
from those predicted by basic CRISPR immunity phage-bacteria population models
(Levin et al. 2013). Similar datasets could be used to test recently proposed models
of the dynamic coevolution between hosts and viruses based on CRISPR immunity
(Childs et al. 2012).
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Fig. 4 Identifying selection events using metagenomic-based population genomic analyses. (a)
Read recruitment of metagenomic data generated from samples collected from the same lake over
an 8-year period to a MAG of Chlorobium-111 indicated gradual purging of diversity at all
polymorphic sites, i.e., a genome-wide selective sweep. The “reference base” is the base most
commonly observed in the final sample in 2013. Data from samples from each year were combined
for read recruitment. (b) Comparison of distribution SNPs (blue bars) detected in the metagenomic
data across the MAGs of Chlorobium-111 and Polynucleobacter-238. Contigs breaks are indicated
by red lines. The Polynucleobacter genome shows a 21 kbp region with no SNPs (black arrow),
which the authors interpreted as evidence of a gene-specific selective sweep preceding the first
sample time point. Adapted from Bendall et al. (2016) Fig. 4 and Supplementary Figure S5

4 Outlook

Despite tremendous insights into natural population genomic heterogeneity gained
from metagenomic approaches, some of the key limitations of metagenomic data
have kept metagenomics from replacing isolate or single cell genomic approaches to
perform population genomic analyses. This is particularly true for the estimation of
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key population genetic parameters. While future advances in read length and base
calling accuracies may facilitate the use of metagenomic data for population geno-
mic analyses sensu stricto (Koren and Phillippy 2015), recently developed tools
discussed in this chapter are allowing us to mine current metagenomic data to
identify and track strains across space and time (Asnicar et al. 2017; Nayfach et al.
2016; Quince et al. 2017). As discussed above, such approaches are most powerful
in the context of extensive reference genomic databases, making them currently most
useful in human microbiome research. Yet, the ability to readily obtain (partial)
genomic sequences from 100 s to 1000 s of single cells per sample (Kashtan et al.
2014, 2017) or directly from metagenomic data (Anantharaman et al. 2016; Delmont
et al. 2017) is opening avenues to apply these tools to all microbial systems. We will
likely also see further integration of population genomic analyses with
metatranscriptomic or metaproteomic data or even high-throughput measurements
of phenotypic features (Props et al. 2016) to gain insights into both the role of within-
and between-population genomic heterogeneity and phenotypic plasticity. Improv-
ing our ability to see changes in population genetic structure of microbial
populations across space and time will improve our understanding of both the
evolutionary and the ecological processes that shape microbial populations (Cohan
2016; Dudaniec and Tesson 2016; Shapiro and Polz 2015). These insights are
paramount in our efforts to understand how microbial populations and the commu-
nities they are part of change in composition and functioning in light of change,
particularly disturbances caused by human activities.
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