Downloaded from genome.cshlp.org on August 14, 2009 - Published by Cold Spring Harbor Laboratory Press

M
ESEARCH

Microbial community profiling for human microbiome projects:
Tools, techniques, and challenges

Micah Hamady and Rob Knight

Genome Res. 2009 19: 1141-1152 originally published online April 21, 2009
Access the most recent version at doi:10.1101/gr.085464.108

References This article cites 109 articles, 59 of which can be accessed free at:
http://genome.cshlp.org/content/19/7/1141.full.html#ref-list-1

Email alerting Receive free email alerts when new articles cite this article - sign up in the box at the
service top right corner of the article or click here

To subscribe to Genome Research go to:
http://genome.cshlp.org/subscriptions

Copyright © 2009 by Cold Spring Harbor Laboratory Press


http://genome.cshlp.org/lookup/doi/10.1101/gr.085464.108
http://genome.cshlp.org/content/19/7/1141.full.html#ref-list-1
http://genome.cshlp.org/cgi/alerts/ctalert?alertType=citedby&addAlert=cited_by&saveAlert=no&cited_by_criteria_resid=genome;19/7/1141&return_type=article&return_url=http://genome.cshlp.org/content/19/7/1141.full.pdf
http://genome.cshlp.org/subscriptions
http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cshlp.org on August 14, 2009 - Published by Cold Spring Harbor Laboratory Press

Next-Generation DNA Sequencing/Review
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High-throughput sequencing studies and new software tools are revolutionizing microbial community analyses, yet the
variety of experimental and computational methods can be daunting. In this review, we discuss some of the different
approaches to community profiling, highlighting strengths and weaknesses of various experimental approaches, se-
quencing methodologies, and analytical methods. We also address one key question emerging from various Human
Microbiome Projects: Is there a substantial core of abundant organisms or lineages that we all share? It appears that in
some human body habitats, such as the hand and the gut, the diversity among individuals is so great that we can rule out
the possibility that any species is at high abundance in all individuals: It is possible that the focus should instead be on

higher-level taxa or on functional genes instead.

The human microbiota (the collection of microbes that live on
and inside us) consists of about 100 trillion microbial cells that
outnumber our “human” cells 10 to 1 (Savage 1977), and that
provide a wide range of metabolic functions that we lack (Gill et al.
2006). If we consider ourselves as supraorganisms encompassing
these microbial symbionts (Lederberg 2000), by far the majority of
genes in the system are microbial. In this sense, completing the
human genome requires us to characterize the microbiome (the
collection of genes in the microbiota) (Turnbaugh et al. 2007).
Currently, there are two main methods for performing this char-
acterization that do not rely on growing organisms in pure culture:
small-subunit ribosomal RNA (rRNA) studies, in which the 16S
rRNA gene sequences (for archaea and bacteria) or the 18S rRNA
gene sequences (for eukaryotes) are used as stable phylogenetic
markers to define which lineages are present in a sample (Pace
1997), and metagenomic studies, in which community DNA is
subject to shotgun sequencing (Rondon et al. 2000). Small sub-
unit rRNA-based studies are sometimes also considered to be
“metagenomic” in that they analyze a heterogeneous sample of
community DNA. Community profiling, or determining the
abundance of each kind of microbe, is much cheaper using
rRNA because only one gene out of each genome is examined,
but metagenomic profiles are essential for understanding the
functions encoded in those genomes. Techniques that probe
gene expression directly such as metatranscriptomics and meta-
proteomics (analysis of the transcripts or proteins in a community,
respectively), although useful in simpler microbial communities
such as acid mine drainage (Lo et al. 2007; Frias-Lopez et al. 2008),
are just beginning to be applied to human-associated microbial
communities (Verberkmoes et al. 2008).

Through the use of metagenomic and rRNA-based techni-
ques, much progress has been made in characterizing the human
microbiome and its role in health and disease in the past few years,
especially with the advent of high-throughput sequencing. These
studies are challenging because of the scale and complexity of the
microbiome and because of the unexpected variability between
individuals. In this review, we cover the combination of experi-
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mental and analytical techniques used to characterize the micro-
biomes of humans and of other mammals. In particular, we
describe how recent advances in technology and experimental
techniques, together with computational methods that draw on
the long tradition of community analysis in large-scale ecological
studies, are essential for uncovering large-scale trends that relate
the microbiomes of many individuals.

One fundamental question raised by the National Institutes
of Health (NIH), European Union (EU), and other sponsored Hu-
man Microbiome Projects (HMPs) is whether there is a core hu-
man microbiome of genes or species that we all share (Fig. 1;
Turnbaugh et al. 2007, 2009). If there is a substantial core, the
strategy for understanding the microbiome is clear: Identify the
organisms that comprise the core using 16S tRNA analysis, se-
quence their genomes, and use these genomes as scaffolds for
metagenomic, metatranscriptomic, and metaproteomic studies
that provide information about small fragments of genes, tran-
scripts, or proteins, respectively, but that require assembly against
known sequences (Turnbaugh et al. 2007; Zaneveld et al. 2008).
However, if there is a minimal core or no core at all, alternative
strategies will need to be developed because new genes and species
will continue to be found in each new person examined.

Another key question is whether changes in the relative
abundance of members of human-associated microbial commu-
nities are generally important. For example, the proportional
representation of the bacterial phyla Firmicutes, Actinobacteria,
and Bacteroidetes in the gut is associated with obesity in both
humans and mice (Ley et al. 2005, 2006c; Turnbaugh et al.
2006, 2008). However, although this observation establishes that
changes in the abundance of broad bacterial groups such as entire
phyla can be important and we also know that miniscule inocu-
lations of particular pathogenic strains can cause disease, we know
little about the physiological impacts of changes in microbial
abundance at a given taxonomic level in general. Our power to
detect particular species depends on depth of sequencing and on
whether they can be selected by culture-based techniques. For
example, we think of Escherichia coli as a classic gut bacterium, but
the entire Gamma-proteobacteria phylum that contains it typi-
cally comprises much less than 1% of gut bacteria—rather, E. coli
grows extremely well in culture and can thus be detected at low
abundance. Most species found in the gut of a given individual are
rare (Dethlefsen et al. 2007), which makes them difficult to detect,
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Figure 1. Models of a core microbiome. The circles represent the mi-
crobial communities in different individuals and can be thought of as ei-
ther representing different taxa (species, genera, etc.) or representing
different genes. (A) “Substantial core” model. Most individuals share most
components of the microbiota. (B) “Minimal core” model. All individuals
share a few components, and any individual shares many components
with a few other individuals, but very little is shared across all individuals.
(O) “No core” model. Nothing is shared by all individuals, and most di-
versity is unique to a given individual. (D) “Gradient” model. Individuals
next to each other on a gradient, for example, age or obesity, share many
components, but individuals at opposite ends share little or nothing. ()
“Subpopulation” model. Different subpopulations, for example, those
defined by geography or disease, have different cores, but nothing is
shared across subpopulations. Scenarios C—£ would represent situations in
which the strategy of identifying core species for sequencing, then using
these as a scaffold for “omics” studies, would be problematic.

and a plethora of rare species has also been found in other eco-
systems (Sogin et al. 2006; Huber et al. 2007). One possibility is
that everyone shares the same microbial species but that the
abundance of individual species varies by orders of magnitude in
different people in ways that affect health and disease. If rare
species are generally important, much deeper characterization of
the microbiome may be required.

Community profiling with 16S rRNA: New life
through deeper sequencing

Microbial community profiling using 16S rRNA is currently un-
dergoing a renaissance (Tringe and Hugenholtz 2008) as high-
throughput techniques such as barcoded pyrosequencing allow us
to gain deep views into hundreds of microbial communities si-
multaneously (Hamady et al. 2008). These studies are made pos-
sible by the remarkable observation that a small fragment of the
16S rRNA gene is sufficient as a proxy for the full-length sequence
for many community analyses, including those based on a phy-
logenetic tree (Liu et al. 2007, 2008; Wang et al. 2007). Although
the phylogenetic trees produced from ~250-base reads from the
current 454 Life Sciences (Roche) GS FLX instrument are relatively
inaccurate, they are still vastly better than the so-called “star
phylogeny,” the phylogeny that assumes all species are equally
related, that all nonphylogenetic methods for comparing com-
munities implicitly use (e.g., by counting how many species are
shared). However, such trees should only be used as a guide to
community comparisons and not for inferring true phylogenetic
relationships among reads. Rapid advances in sequencing tech-
nology, such as the recent availability of 400-base reads with the
Titanium kit from Roche or, in the future, the availability of in-
struments providing 1500-base single-molecule reads, as reported

by Pacific Biosciences (Korlach et al. 2008), will also improve the
accuracy of existing methods for building phylogenetic trees and
classifying functions of metagenomic reads. Similarly, the avail-
ability of many improved computational methods for comparing
large numbers of microbial communities including UniFrac (Loz-
upone and Knight 2005; Lozupone et al. 2006), SONS (Schloss and
Handelsman 2006), and network-based comparisons (Ley et al.
2008a) will allow very rapid progress to be made.

Sequence databases, especially tRNA sequence databases, are
growing explosively (Medini et al. 2008), and the ability to see
hundreds of samples at depth of coverage of many thousands of
sequences per sample allows us to contemplate completely new
types of analyses. At the same time, this flood of data poses for-
midable challenges in data analysis because many standard com-
putational tools are not designed for input on this scale. Many
investigators are already encountering the limitations of existing
tools—for example, it is impossible to align the half-million
sequences obtained from a single 454 FLX run with traditional
tools such as ClustalW (Thompson et al. 1994) or even the pub-
licly available versions of newer, IRNA-specific tools such as NAST
(DeSantis Jr. et al. 2006b). These tools and databases must antici-
pate scaling up to thousands of samples and many millions of
sequences over the next few years.

Key questions facing investigators

The wide array of sequencing technologies and analytical tools
can be daunting. The path to a successful study is first to define
what hypothesis is being tested and then to select the appropriate
technology. For example, it would be unfortunate to spend
months and millions of dollars performing a metagenomic study
solely to find changes such as the shift in the Bacteroidetes:
Firmicutes-Actinobacteria ratio in the gut of obese individuals
when a much faster and cheaper assay could have provided the
same result at a much lower cost. Such studies must be justified by
additional analyses that can only be performed with metagenomic
sequences (Turnbaugh et al. 2009). Here we cover some of the
key questions facing investigators: whether to use sequencing or
to use lower resolution but cheaper methods that allow more
samples to be processed for the same cost, which type of se-
quencing to perform, and how the data should be analyzed. These
decisions, especially with respect to data analysis, often differ
between rRNA and metagenomic surveys. For example, phyloge-
netic methods are increasingly useful for rRNA surveys because
this gene allows accurate reconstruction of phylogeny, whereas
functional or taxon-based methods are typically more useful for
metagenomic surveys because of the range of functions repre-
sented and because of the difficulty of reconstructing the phy-
logenies of small fragments of many gene families.

When is it necessary to obtain sequences, and when
should cheaper approximate methods such as
fingerprinting be used?

Although the cost of sequencing is dropping, fingerprinting
techniques (techniques that provide limited information about
the microbial community) are still orders of magnitude cheaper
and faster to perform. Fingerprinting techniques include T-RFLP,
DGGE, and TGGE: These methods have been reviewed compre-
hensively (Anderson and Cairney 2004). Briefly, they rely on
amplification of a specific gene, typically but not always 16S rRNA,
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then separating different variants of the gene in the community
sample by electrophoresis. These methods can be used to analyze
large numbers of samples, including clustering of the banding
patterns with statistical techniques such as Principal Coordinates
Analysis (PCoA) (Dollhopf et al. 2001), but typically the dynamic
range is limited (so only the few most abundant members of the
community can be observed), and it is difficult to relate banding
patterns to changes in particular species or lineages. It is also
generally impossible to combine data from different studies into
a single analysis. However, these techniques can be useful for
checking for stability in the dominant members of a community
and for clustering communities according to changes in the
dominant members across large numbers of samples (Fierer and
Jackson 2006).

The main advantages of sequencing studies over finger-
printing are that sequences can be classified according to tax-
onomy and function, that sequencing provides much greater
dynamic range and ability to compare complex samples, and
that sequences from different studies can be compared to one
another and placed in the same phylogenetic tree (Lozupone
and Knight 2007). Sequencing is especially useful when asking
which specific genes or species contribute to differences among
communities.

Two intermediate approaches between fingerprinting and
sequencing are to use short sequence tags and to use DNA
microarrays. These approaches provide access to large numbers
of samples, as does fingerprinting, but also provide phyloge-
netic resolution, as does sequencing, albeit with limits in both
dimensions.

Techniques that use short sequence tags include the ARISA
technique that uses the intergenic spacer of the ribosomal RNA
(Fisher and Triplett 1999) or sequencing of the V6 hypervariable
region of the 16S rRNA (Sogin et al. 2006). These methods allow
comparisons among samples and measurements of diversity, and,
when the database of full-length sequences is sufficiently com-
plete, assessment of the taxonomic distribution. However, they are
less useful in cases in which new lineages with no close relatives
are dominant.

DNA microarrays such as the PhyloChip (Wilson et al. 2002)
and GeoChip (He et al. 2007) provide a convenient way of
screening 16S rRNA and functional gene sequence libraries, re-
spectively. These tools have the potential to be much cheaper and
provide much greater dynamic range than sequencing studies but
require that the sequences be known in advance so that they can
be printed on the chip (DeSantis et al. 2007). For example, this
approach was recently used to track development of the human
gut microbiota in infancy (Palmer et al. 2007). An additional ad-
vantage of microarrays is that probes with broad but defined
specificity, for example, at the family or phylum level, can be used
to estimate the abundance of the group as a whole, even if probes
for more specific taxa are missing. Normalization can be an issue
and is probe dependent: This issue is analogous to issues with
primer bias that affect sequencing and fingerprinting, and the
most important consideration is to use the same technique for all
samples that are to be analyzed together.

Both the sequence tag approach and the microarray ap-
proach can be used to generate data suitable for the community
analysis techniques described below, essentially by mapping each
sequence tag (or spot on the microarray) onto the closest full-
length sequence in the database and using that sequence as a
proxy. Sequencing studies are thus most useful when the samples
have been poorly characterized and the discovery of many new

gene or species lineages is anticipated. 16S rRNA sequencing
studies are especially useful for characterizing which kinds of
organisms are present in a wide range of samples (especially when
differences at or above the genus level distinguish the samples),
whereas metagenomic sequencing studies are especially useful for
characterizing microbial assemblages at a functional level (see
below).

How should | perform my sequencing?

What are my choices for sequencing technology?

There are several choices of sequencing technology. Capillary
(Sanger) sequencing currently produces longer reads of up to
800 bases, which are very useful for inferring gene functions for
metagenomics (Wommack et al. 2008). However, pyrosequencing
(Ronaghi et al. 1996, 1998; Margulies et al. 2005) is orders of
magnitude cheaper and faster and also eliminates the laborious
step of preparing clone libraries. The benefit of a large number of
short reads clearly outweighs the drawbacks of short read lengths
for many kinds of rRNA-based community analysis: 200-base
reads, accounting for ~12% of the data in the 16S rRNA gene, yield
community clustering results as accurate as those obtained using
70% of the original number of full-length sequences in a compar-
ison across different habitats (Liu et al. 2007), and Sanger and
pyrosequencing data provided comparable results in fecal samples
from both rhesus macaques (McKenna et al. 2008) and in lean and
obese humans (Turnbaugh et al. 2009). Given that Sanger se-
quencing is at least an order of magnitude more expensive than
pyrosequencing, requires that DNA templates be clonable into
a common host (E. coli), and has markedly lower throughput/
instrument, the latter is clearly the most cost-effective option
for testing hypotheses about the distribution of microbial diver-
sity among samples at this point.

A key pyrosequencing innovation currently used in both 16S
rRNA and metagenomic studies is multiplexing. Because far more
sequences are generated in a single pyrosequencing run than are
needed for many kinds of community analyses, it is often desirable
to split a single run across many samples. Two general strategies
are physical separation of samples and barcoded pyrosequencing:
These approaches can be used in combination as each part of the
plate may be used to run many barcoded samples.

Barcoded pyrosequencing uses molecular barcoding techni-
ques that were initially developed in the 1980s (Church and
Kieffer-Higgins 1988; Shoemaker et al. 1996). Sequences in each
sample are tagged with a unique barcode either by ligation or, for
amplicon sequencing, by using a barcoded primer when ampli-
fying each sample by PCR (Fig. 2). Several different barcoding
strategies have been used with pyrosequencing (Binladen et al.
2007; Hoffmann et al. 2007; Huber et al. 2007; Parameswaran et al.
2007; Fierer et al. 2008; Hamady et al. 2008). Of these, we rec-
ommend the use of error-detecting and error-correcting codes
that use formal mathematical techniques to define barcodes in
such a way that a certain number of errors can be detected and
corrected: For example, using Hamming codes of eight bases
can detect all double-bit errors and correct all single-bit errors
(Hamady et al. 2008), and Golay codes of 12 bases can correct all
triple-bit errors and detect all quadruple-bit errors. Both types of
barcodes have been used to sequence several hundred samples per
run (Fierer et al. 2008; Hamady et al. 2008) and can theoretically
accommodate thousands. One important issue with barcoding
is variability in reads per sample; however, the sources of this
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Amplify each sample, introducing
barcode into each sequence using
tagged PCR primers

Use community clustering
techniques (either OTU-
based or tree-based) to
relate samples to one
another

Build phylogenetic tree
using one representative
of each OTU: track which
parts of the tree came
from which sample

7

Mix samples and sequence on
pyrosequencer (e.g. GS FLX)

Use barcodes to assign
each sequence to the
sample it came from,
dropping low-quality reads

A

— -— [=
. —
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multiple sequence
alignment based on
reference sequences

Group related sequences
into OTUs for downstream
analyses

Figure 2. Overview of barcoded pyrosequencing workflow. The sample-specific barcodes are introduced into each sample during the PCR step (for
amplicon sequencing), or through ligation (for metagenomics). After sequencing, individual sequences can then be traced back to individual samples
using the barcodes they contain. The sequences from each sample are then separated, aligned, and then either used directly for taxa-based analyses or
used to build trees for phylogenetic analyses. OTU, operational taxonomic unit.

variability are relatively poorly understood at this point, and
existing studies of bias due to the use of barcoded primers
(Binladen et al. 2007), while useful, have been limited. Systematic
studies of the effects of specific barcodes on community structure
remain to be performed, although the available evidence suggests
that technical or biological replicates sequenced using different
barcodes typically cluster together (Hamady et al. 2008; Turnbaugh
et al. 2009).

In principle, all of these barcoding techniques can be used for
metagenomics by ligating a barcode to fragmented DNA sequen-
ces in each sample (Meyer et al. 2008b), although this is still very
much an emerging technique.

What read length should I aim for?

For 16S rRNA studies 250-base reads can be essentially as good as
full-length sequences for many microbial community compar-
isons and can even be useful for taxonomy assignment, provided
that the region of the 16S rRNA is carefully chosen, for example,
the V2 or V4 regions (Liu et al. 2007, 2008; Wang et al. 2007). The
increased number of reads makes these types of studies an ex-
ceptional bargain compared to Sanger sequencing of full-length
amplicons. However, to define new bacterial phyla, or in cases in
which the sequences obtained are highly divergent from related
sequences in the reference databases, obtaining the full-length
sequence (e.g., by repeating the PCR using a very specific primer
designed to match the short read and a universal primer near the
other end of the 16S rRNA) is essential. For metagenomics, the
read length is much more important owing to the difficulty of
identifying the function and/or species of each gene from rela-
tively short reads. The increase in read length from 250 to 400
bases with the Titanium kit should make a large difference to the
fraction of reads that can be accurately assigned (Huson et al.
2007; Mavromatis et al. 2007; Dalevi et al. 2008; Krause et al. 2008;
Wommack et al. 2008). However, the increase to 400 bases has

relatively little effect on 16S rRNA taxonomic assignment (Liu
et al. 2007).

What sampling depth is needed?

The number of sequences required to characterize a sample
depends on the goal of the study, the diversity of species in the
sample, the read length, and, for amplicons, the choice of gene
and region for sequencing.

If the goal is to estimate the major bacterial phyla in each
sample, relatively few sequences per sample are needed. For ex-
ample, in 22 human gut samples with depth of coverage of at
least 350 sequences/individual, communities averaged 75% Fir-
micutes and 18% Bacteroidetes (Fig. 3; Ley et al. 2008b). It would
thus take little sequencing effort to conclude that these are the
two dominant phyla in this habitat: With only 50 sequences, we
would already conclude that the total proportion of sequences in
the remaining phyla was 14% = 49%. As with all statistical ques-
tions, large differences can be detected with smaller samples. For
example, sequence jackknifing showed that only 17 sequences
were needed to reliably cluster microbial assemblages in two oli-
gotrophic subtropical seawater samples together, and to separate
these samples from other marine microbial assemblages from
sediments, terrestrially impacted seawater, and sea ice (Lozupone
and Knight 2005). As few as 100 sequences per sample were suf-
ficient to detect the major patterns of variation among the mi-
crobial communities in the guts of diverse mammals (Ley et al.
2008a). Thus, large-scale patterns can be recovered with shallow
sampling, even when this sampling only scratches the surface of
the diversity in the communities (see also Fig. 4 for comparison
of phylogenetic and taxon-based techniques at different depths
of coverage). For pyrosequencing studies of 16S rRNA, depth of
coverage of about 1000 sequences/sample seems to provide a good
balance between number of samples and depth of sampling. This
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Figure 3. (A) Phylum-level abundance and (B) shared “species” (represented here as 97% OTUs, approximately species level) in 22 human gut
samples with depth of coverage of at least 350 sequences per individual. These data are taken from a meta-analysis (Ley et al. 2008a) covering several
large Sanger-sequencing studies of humans in different populations (Suau et al. 1999; Hayashi et al. 2002a,b, 2003; Eckburg et al. 2005; Ley et al.
2006¢; Nagashima et al. 2006). Interestingly, the results are very consistent with results from both Sanger sequencing and pyrosequencing within
a North American population of lean and obese twins (Turnbaugh et al. 2009). Note: No species-level OTUs were shared across all samples with 350
sequences per sample; 1813 OTUs were only present in one sample; the total number of OTUs was 2320.

depth of coverage allows us to infer the frequencies of species at
1% abundance with reasonable accuracy (we expect to observe 10
sequences at this level, with standard deviation of 3.1 sequences),
although it will miss many of the rare species.

If the goal is complete characterization of all sequences in
a sample, vast numbers of sequences may be required if many
species are rare or if the diversity is high, such as in seawater and
soils (Sogin et al. 2006; Roesch et al. 2007). Such a tiny fraction of
the total number of cells is sampled (a full 454 run currently
recovers ~5 X 10° sequences, so if there are ~10'* microbes in
the gut, only about five cells in every billion are sampled, as-
suming one rRNA molecule per cell) that characterizing the full
diversity is not a reasonable goal.

It is important to note that there is no abundance threshold
below which we can disregard microbes as unimportant: Many
pathogens are rare and can be detected at low levels using PCR-
based assays in clinically relevant settings. Thus, the appropriate
trade-off between depth of coverage and number of samples is
likely to vary depending on the goal of the study.

It is likely that the frequent practice of using a full FLX run
for metagenomic characterization is inefficient: If the goal is to
infer the frequencies of approximately 250 functional categories,
a few tens of thousands of sequences (rather than hundreds of
thousands of sequences) should suffice. Fewer sequences may
be needed once longer reads are routinely available with the
Titanium, because more of these longer reads can be assigned
functions. Details about rare genes, or about the coverage of par-
ticular functions by rare organisms, will be missed by this shallow
coverage, but clustering of communities based on overall func-
tions should still be possible. The prospect of extending meta-
genomic studies to dozens of samples per run could transform
our understanding of how functional communities are assembled
from different components.

Which region of the rRNA should | sequence?

Because the full 16S rRNA cannot be sequenced using high-
throughput methods, a shorter region of the sequence must be
selected to act as proxy. Currently, there is no consensus on
a single “best” region, and consequently different groups are se-
quencing different regions (or multiple regions). This diversity of

methods hinders direct comparisons among studies, and we rec-
ommend standardization on a single region. Of the nine variable
regions (Neefs et al. 1990), several of the more popular regions
include the regions surrounding V2, V4, and V6: In general,
a combination of variable and moderately conserved regions
seems to be optimal for performing analyses at different phylo-
genetic depths. Wang et al. (2007) and Liu et al. (2008) report that
V2 and V4 give the lowest error rates when assigning taxonomy,
and these regions are also suitable for community clustering (Liu
et al. 2007). However, several other regions are also in use (Baker
et al. 2003; Edwards et al. 2006; Sogin et al. 2006; Huse et al. 2007;
Roesch et al. 2007; Andersson et al. 2008).

Both the choice of region and the design of the primers are
critical, and poor choice of primers can lead to radically different
biological conclusions (Andersson et al. 2008; Liu et al. 2008). It
is well known that primer bias due to differential annealing leads
to the over- or underrepresentation of specific taxa, and some
groups can be missed entirely if they match the consensus se-
quence poorly (von Wintzingerode et al. 1997; Kanagawa 2003).
Solutions proposed include using mixtures of large numbers of
primers (Frank et al. 2008), although this approach introduces
substantial additional complexity and free parameters (e.g., the
ratios in which the primers are mixed). Issues of primer bias
can be important. For example, although some widely used
primers such as 8F (Meyer et al. 2004; Edwards et al. 2006; Frank
et al. 2008), 337F (Huse et al. 2007), 338R (Harris et al. 2004;
Hamady et al. 2008), 515F (Marcille et al. 2002; Meyer et al.
2004), 915F (Marcille et al. 2002), 930R (Marcille et al. 2002),
1046R (Sogin et al. 2006), and 1061R (Andersson et al. 2008)
match >95% of the sequences in RDP from all of the major
bacterial phyla in the gut (Firmicutes, Bacteroidetes, Actino-
bacteria, Verrucomicrobia, and Proteobacteria), others miss spe-
cific divisions: 784F (Andersson et al. 2008) is biased against
Verrucomicrobia, 967F (Sogin et al. 2006) matches <5% of Bac-
teroidetes, and 1492R (Meyer et al. 2004) matches 61% of Acti-
nobacteria, 54% of Proteobacteria, and fewer than half of the
other divisions. These matches were measured using ProbeMatch
on the Ribosome Database Project (RDP) site (http://rdp.cme.
msu.edu/probematch), using a search restricted to “good” se-
quences with coverage over the primer range and allowing up to
two mismatches. Comparisons of relative abundance among
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Figure 4. Comparison of phylogenetic and nonphylogenetic methods for comparing communities. (A-D) Sequences are from stool and six different
biopsy sites along the distal gut from three unrelated healthy human subjects (Eckburg et al. 2005); (E) sequences are from 162 free-living communities
and 159 vertebrate gut communities (Ley et al. 2008b). Fragments are labeled as either full-length, V2 or V4 (250-nt reads ending at 338R or starting at
515F, respectively), or V6 (80-nt reads ending at 1046R). (A) Effect of fragment on phylogenetic assignment: Each circle is one of the three individual
human subjects, pooling sequences from all sites. Note increase in unclassified reads produced by V6; results from V2 and V4 are very similar to those
obtained from the full-length sequences. Assignments performed using RDP. (B) Effect of three different distance measures for principal coordinates
analysis on the full-length 16S rRNA sequence data: UniFrac (a phylogenetic method), and Euclidean and Kulczynski distances on the sample by OTU
matrix (two examples of taxon-based methods). Only the relative positions of and distances between points are relevant: The choice of direction along
each axis is a mathematical artifact. Individual points are samples, colored according to the three subjects that the samples came from (i.e., the three
colors represent three subjects: The same color scheme is used for panels C and D). In this data set, all methods give broadly equivalent results and cluster
the samples by individual, not by sample location (stool or individual sites along the distal gut mucosa). (C) Effect of reducing the number of sequences
per sample on the UniFrac clustering, comparing the results obtained using all sequences to results obtained using a random sample of sequences. (Right
panel) Clustering is still good, as measured by the consistency of clustering together the samples from the same individual as in panel B, at 25 sequences
per sample, although there is more scatter as the number of sequences per sample decreases. (D) Effect of the different regions on clustering with UniFrac
using either (top row) all sequences or (bottom row) 25 sequences/sample. For this analysis, we take each full-length sequence, computationally clip out
the part of the sequence corresponding to each region to simulate 454 data, and repeat the analysis: The analysis thus includes the effect of the region
sequenced, but not the effect of primer bias that may differentially amplify specific taxa. Again, we expect the samples from each individual to cluster
together, and a mixture of samples from different individuals indicates poor performance. V6 is especially affected at low sample coverage, and V2 is
especially unaffected. (E) Effect of different clustering measures, indicated on each panel, on the data set from Ley et al. (2008a), showing only the
(yellow) vertebrate gut and (red) free-living samples. This data set is very heterogeneous and includes many samples with low numbers of sequences per
sample or where nonoverlapping regions of the 16S rRNA were chosen for sequencing. In this data set, UniFrac, which is a phylogenetic metric, performs
very well, separating the samples into two groups; in contrast, the other three methods, which are all taxon based, perform poorly with obvious clustering
artifacts such as spikes leading off at right angles from one another, and fail to separate the two types of samples into two discrete clusters. Note that this
figure is not based on the Arb parsimony insertion tree used in Ley et al. (2008a) but rather on a tree constructed de novo from the NAST-aligned
sequences using Clearcut (Sheneman et al. 2006). The artifacts in the taxon-based methods are due to lack of overlap at the species level among different
kinds of samples. An exploration of primer effects in a subset of these data shows that sample type is more important than region sequenced or length of
amplicon (Liu et al. 2007).

different studies should thus be treated with caution. However,
meta-analysis of presence/absence data from different studies is
extremely useful for revealing broad trends, even when different
studies use different primers (Lozupone and Knight 2007; Ley
et al. 2008b).

With so many new bacterial phyla being discovered by
culture-independent methods (Rappe and Giovannoni 2003; Ley
et al. 2006a), it is very likely that we are still missing many im-
portant components of the biosphere with current primer sets. As
more sequence data and better taxonomic assignments become
available, improved primer sets, with better coverage (including
primers for archaea and eukaryotes), will likely provide a sub-
stantial advance over current degenerate primer techniques. In

particular, 16S rRNA reads from metagenomic studies provide
a source of sequences that is not subject to PCR primer bias (al-
though other biases may, of course, be present) and therefore
covers taxa that are missed by existing but popular primer sets.
Another promising approach is the use of miniprimers (Isenbarger
et al. 2008), which, together with an engineered DNA polymerase,
may allow greater coverage of desired groups.

Should I analyze individual samples or pool samples
before sequencing?

One widespread approach in clinical and environmental studies is
to reduce variability due to idiosyncratic effects by pooling DNA
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from the samples before PCR. The hypothesis is that this pooling
will make the differences between groups more apparent and also
reduce the overall cost of the analysis. With the availability of
barcoded pyrosequencing, we strongly recommend against pool-
ing in favor of tagging each sample with a unique barcode. The
pooling can always be performed computationally at the end of
the analysis, and, given the variability in 16S rRNA lineages ob-
served among samples in many mammalian-associated body
habitats including the gut (Eckburg et al. 2005; Ley et al. 2005,
2006c¢, 2008a; Turnbaugh et al. 2006, 2008; Frank et al. 2007; Li
et al. 2008), vagina (Coolen et al. 2005; Hyman et al. 2005; Zhou
et al. 2007), vulva (Brown et al. 2007), breast milk (Martin et al.
2007), the mouth (Aas et al. 2005; Nasidze et al. 2009), and skin
(Gao et al. 2007; Grice et al. 2008), it is crucial to know whether
the apparent differences between groups are due to a consistent
shift in each sample or to very large shifts in a small subpopula-
tion of samples. When heterogeneity is high, less accurate data
about a large number of samples will be much more informative
than more accurate data about a small number of samples, or
about pooled samples, especially when developing biomarkers for
classification of healthy and diseased individuals.

How should | analyze my data?

Once the sequences are collected, the next challenge is data
analysis. Especially with pyrosequencing, many established tools
for alignment, phylogenetic inference, and defining taxonomic
groups by sequence similarity (OTUs, or operational taxonomic
units) cannot handle the vast data sets produced.

How should I filter out low-quality reads?

There are two main issues with low-quality data: errors in the se-
quence and chimeras resulting from recombination between
sequences. Although error rates for pyrosequencing were rela-
tively high with the older GS 20 instrument, they are lower for the
GS FLX (Droege and Hill 2008). On a known template, the error
rate was 0.4% overall, but 96% of these errors were insertions or
deletions in homopolymer runs rather than nucleotide sub-
stitutions in high-complexity regions, leading to a substitution
rate of 0.042% (Quinlan et al. 2008). Most errors are concentrated
in a few exceptionally bad reads; thus the usual, conservative
practice is to discard sequences that contain any errors in the
primer (including the barcode, if present) and sequences where
the average quality score is below 25 (Huse et al. 2007). An update
of the Huse et al. (2007) study for the FLX and Titanium methods
would be a valuable addition to the literature.

Chimeras can be detected in small 16S rRNA data sets using
several techniques (Huber et al. 2004; Ashelford et al. 2006), al-
though no solution yet exists for the large data sets produced by
pyrosequencing. Publicly available databases are unfortunately
rife with chimeric sequences (DeSantis et al. 2006a), so some
caution with taxonomy assignment is warranted. However, al-
though chimeras can affect estimates of diversity within a sample,
because they are generated uniquely within each sample, they
have relatively little effect on patterns of similarities and differ-
ences among communities (Ley et al. 2008a).

Should I perform taxon-based or phylogenetic analyses?

In general, ecological analyses of diversity can be split along three
major axes (Magurran 2004; Ley et al. 2008b). First, an analysis can

examine either “alpha diversity” (how many kinds of taxa or lin-
eages are in one sample) or “beta diversity” (how taxa or lineages
are shared among samples, e.g., along a gradient). Second, an
analysis can be either “qualitative,” examining only presence-
absence data, or “quantitative,” also taking into account relative
abundance. (Qualitative analyses and quantitative analyses are
also called analyses of community membership and community
structure, respectively, although community structure is some-
times also considered to include spatial or temporal structure.)
Third, an analysis can be either “phylogenetic,” making use of
a phylogenetic tree to relate the sequences, or “taxon based,”
treating all taxa at a given rank (e.g., species) as phylogenetically
equivalent. In practice, most sequences come from uncultured
microbes that have not been formally described, and so taxa are
operationally defined by sequence similarity. For example, 97% of
OTUs contain sequences that have 97% sequence identity. In
this classification, the widely used Chaol index (Chao 1984)
for estimating the minimum number of species in a sample is a
quantitative, taxon-based, alpha diversity metric; unweighted
UniFrac (Lozupone and Knight 2005) is a qualitative, phyloge-
netic, beta diversity metric. In general, taxon-based and phyloge-
netic methods provide different but equally useful insights, and
both should be performed.

Taxon-based analyses are especially useful for asking how
many different “species” (or other taxonomic units) are likely to be
in a sample (Chao 1984; Schloss and Handelsman 2005), for
comparing which OTUs are shared among particular subsets of
samples (Schloss and Handelsman 2006), or for building networks
that relate species and samples to one another (Ley et al. 2008a).
(But see below for discussion of how the OTU selection method
can affect the results.) Incidence matrices recording which OTUs
occurred in each sample can also be used as input to standard
community clustering methods (Magurran 2004), although, in
our experience, phylogenetic methods tend to be more illumi-
nating for community clustering when samples are extremely
heterogeneous and when the number of sequences per sample is
low (Fig. 4). The main reason for the increased power of phylo-
genetic methods in this context is that taxon-based methods are
not free of assumptions about phylogeny; rather, they implicitly
assume the so-called “star phylogeny,” in which all taxa are
equally related to one another. This assumption is problematic
because it ignores the correlation between evolutionary related-
ness and ecological similarity. Although errors in phylogenetic
reconstruction can affect the clustering results, regardless of re-
construction method, a tree will provide a more accurate model
of the real data than will the star phylogeny. In practice, differ-
ent phylogenetic reconstruction methods give similar results
(Lozupone et al. 2007), so speed of reconstruction is usually the
overriding concern (especially with large data sets). Phylogenetic
methods are also useful for asking how much evolutionary
history is unique to a particular sample and for identifying
samples likely to contain additional unique deep-branching line-
ages (Lozupone and Knight 2007).

What level of taxonomic classification is important?

Depending on the question to be answered, taxonomic differences
at different depths might be important. For detecting pathogens,
16S rRNA has important limitations: Approaches that cover
many genes, such as MLST (multi-locus sequence typing) (Maiden
et al. 1998), can be critical for resolving drug-resistant or virulent
strains from their close but less harmful relatives. However, these
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techniques typically rely on detailed knowledge of which organ-
isms in the sample are of interest, and are less useful for broad
phylogenetic characterization or discovery of new phyla or other
high-level taxa. One advantage of the 16S rRNA gene is that it
contains both fast- and slow-evolving regions, so it can be used to
resolve phylogenetic relationships at different depths. However,
with short sequence reads, only specific sections can be chosen for
sequencing, and some regions recapture the patterns obtained
with the full-length sequences much better than others. In general,
however, it is not yet known whether we should concern ourselves
with strain-level, species-level, genus-level, or higher-order differ-
ences among samples when searching for differences in functions.
The human gut microbiota consists of a relatively small number
of deep-branching taxa with enormous diversity at the tips (Ley
et al. 2006b). On the other hand, given that the gut microbiota of
different humans show very different patterns of abundance even at
the phylum level (Fig. 3), pursing these large differences seems an
obvious first step. It is likely that only additional data about
microbiomes in health and disease will resolve this issue.

The above discussion assumes that we can identify the taxa
accurately and integrate them into an existing taxonomy. How-
ever, there are several competing taxonomies that differ sub-
stantially (DeSantis et al. 2006a), and several different algorithms
for grouping sequences by similarity into OTUs that differ radi-
cally in their results (Schloss and Handelsman 2005). Two popular
methods for selecting OTUs are the nearest-neighbor algorithm
(in which a sequence is added to an OTU if it is similar to any
sequence already in that OTU), and the furthest-neighbor algo-
rithm (in which a sequence is added to an OTU if it is similar to
all other sequences already in that OTU). In general, these algo-
rithms can produce remarkably different results (Fig. 5). In pyro-
sequencing data, the nearest-neighbor algorithm often produces
a single huge OTU, although the basis for this effect is still un-
known (M. Hamady and R. Knight, unpubl.).

The final issue is to choose a method for inserting new, un-
classified sequences into the taxonomy. There are several general
methods for performing this task: Sequences can be matched by
similarity to an existing sequence in the database by BLAST,
pairwise alignment, or by the count of oligonucleotide frequen-
cies; or they can be inserted into a phylogenetic tree and then
assigned to the group that they fall into. In practice, different
taxonomies produce large differences in the representation of
different bacterial groups in a sample, but once a taxonomy is
chosen, the various methods for inserting sequences into that
taxonomy usually give consistent results (Liu et al. 2008). The RDP
classifier, which matches sequences to groups using oligonucleo-
tide frequencies, is especially fast (Wang et al. 2007), although the
Greengenes classifier (DeSantis et al. 2006a), which uses a BLAST-
based approach, may provide comparable or better accuracy. (The
SILVA classification workflow [Pruesse et al. 2007], which uses
alignment and nearest-neighbor matching or tree insertion, was
released after this comparison was performed, but is also likely to
be useful.) These methods are typically used to make a pie chart or
bar graph showing the representation of each phylum in each
sample, as in Figure 3. One major emerging issue is the massive
amount of uncharacterized data in the public databases: When
trying to classify newly sequenced data by BLAST, query sequences
are far more likely to hit sequences with vague annotations such as
“uncultured soil bacterium” rather than a cultured isolate with
well-characterized genetics and biochemistry. Overcoming the
challenges associated with storing metadata about each sample,
especially using a consistent structured vocabulary and ontology

C. Nearest Neighbor = 1 OTU D. Furthest Neighbor = 2 0TUs

S O

Figure 5. Different methods for selecting OTUs produce different
results. (A,B) If sequences are arranged so that each sequence has
a neighbor within the OTU threshold (e.g., 97%) but these neighbors are
not similar to one another, that is, the variation is not in the same di-
rection, (A) the nearest-neighbor algorithm will produce one OTU be-
cause every sequence is connected to every other sequence through
a chain of neighbors within threshold, but (B) the furthest-neighbor al-
gorithm will produce a series of OTUs where all members of each OTU are
similar to one another. (OTU boundaries are indicated by dashed lines.)
Note that the precise OTUs produced by the furthest-neighbor algorithm
will vary every time owing to the choice of the randomly chosen seed
sequence for each (gray) OTU. (C,D) If sequences are arranged so that
there is one outlier that is within threshold of only one of the other
sequences, (C) the nearest-neighbor algorithm will produce a single OTU,
(D) but the furthest-neighbor algorithm will produce two OTUs in which
one of the two most distant sequences is excluded from the main OTU at
random. (E,F) If sequences are arranged so that all sequences are within
threshold of a central sequence but are outside threshold from each other,
(E) the nearest-neighbor algorithm will again produce one OTU, (F) but
the furthest-neighbor algorithm will group one sequence with the central
sequence at random and break the other sequences into their own OTUs.

for sample annotation, will be critical for making the data col-
lected by the HMPs a useful resource (Garrity et al. 2008).

At the metagenomic level, a typical approach is to produce
a heat map showing the abundance of each function or each
taxonomic group in each metagenomic sample, and use standard
(nonphylogenetic) clustering techniques to relate the samples to
one another according to the functions they contain (Tringe et al.
2005; Turnbaugh et al. 2006, 2008, 2009; Huson et al. 2007;
Dinsdale et al. 2008; Schloss and Handelsman 2008). Extension of
phylogenetic analysis techniques to these kinds of data (Lozupone
et al. 2008) is likely to allow improved resolution, as they have for
16S tRNA analyses. Metagenomic sequences also provide impor-
tant opportunities for emerging techniques such as metabolic
network reconstruction (Markowitz et al. 2008; Meyer et al. 2008a)
and multivariate analyses that relate changes in pathway repre-
sentation to environmental gradients (Gianoulis et al. 2009):
Combining multiple approaches is essential at this point.
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Is there a core? Key themes emerging from recent
studies of the microbiome

The major challenge facing the various Human Microbiome
Projects is: How can we best relate differences in community
composition to differences in function, especially for relating
microbial changes to human health and disease?

New techniques, including high-throughput phylogenetic
methods and network-based analyses, allow us to answer large-
scale questions about placing human microbiomes in context that
previously could not be addressed. In particular, the availability of
hundreds of samples covered at thousands of sequences/sample
allows us to characterize the variability among different humans,
which is essential for providing a baseline for studies of microbes
associated with specific diseases.

Different people harbor remarkably dissimilar microbiota
in their guts (Fig. 2; see also Eckburg et al. 2005; Frank et al. 2007;
Ley et al. 2008a; Turnbaugh et al. 2009), in their saliva (Nasidze
et al. 2009), and on their hands (Fierer et al. 2008; Grice et al.
2008), both in terms of which species are present and in terms of
the relative ratios of the bacterial phyla. This amazing degree of
variability among individuals will greatly complicate the Hu-
man Microbiome Project’s ability to deliver on the promise of
identifying microbes that are biomarkers for specific diseases.
Studies of the guts of different individual mice (Ley et al. 2005)
and macaques (Hoffmann et al. 2007) reinforce the point that
this variability within species is likely to be a recurring theme.
In particular, comparative studies must be very cautious in at-
tributing observed differences in the microbiota to differences
among species rather than to differences among individuals, al-
though when dozens of species are studied, the broad-scale trends
will be apparent even with one individual per species (Ley et al.
2008a).

Our current depth of coverage allows us to rule out the pos-
sibility that all humans share any species (approximated here as
97% OTUs) in the gut at the 1% level of abundance, and that all
hands share any bacterium at the 2% level of abundance. This
calculation is performed as follows (Turnbaugh et al. 2008). As-
sume that the true level of abundance of a species s in all samples is
x%. We can then calculate the probability that in n sequences we
missed s completely using Poisson sampling statistics: Pr(missed) =
e . If we then have N samples of equal size, we can calculate
the probability that we only observed the species in at most n
of the N samples using the binomial distribution. We can then
vary x until the probability of missing s in the actual number of
samples N is a specified significance level «, say, 0.05. If sample
sizes are unequal, the binomial distribution cannot be used, but an
empirical distribution can be obtained by simulation. Using this
approach on the human gut samples from Ley et al. (2008a),
evenly sampled, we can rule out the possibility that any species
is at more than 0.9% in the gut of all humans studied with depth
of coverage of at least 350 sequences/sample. This result remains
consistent using pyrosequencing data at several thousand ampli-
con sequences/fecal sample (Turnbaugh et al. 2009). Using this
approach on human hand samples (Fierer et al. 2008), we can rule
out the possibility that any species is at more than 2% on all hands
sampled. This latter result is especially surprising because on
average one species comprises 37% of the community on a given
hand. It is possible that (1) we all share a much greater propor-
tion of these species at much lower abundance that could be
detected with deeper sequencing or with qPCR or culture-based
techniques, and (2) many species are very abundant in individual

samples. However, we can already rule out the possibility that
there are species that we all share at high abundance. Nonetheless,
at the phylum level, we all share the same few groups in a given
body habitat (Ley et al. 2006b; Dethlefsen et al. 2007), albeit at
radically different levels of abundance. At what taxonomic level, if
any, will we start to see a shared core among humans, and/or
a set of human-specific lineages that differentiates us from other
mammals?

One intriguing recent result is that species-level variability
appears to be associated with extensive functional redundancy, in
which completely different microbial communities converge on
the same functional state. For example, at the metagenomic level,
different habitats (soils, lakes, etc.) converge on similar functional
gene repertoires (Dinsdale et al. 2008). Using the same set of
samples from lean and obese twins, completely different species
assemblages appear to lead to very similar functional profiles, as
measured by the representation of KEGG pathways (Turnbaugh
etal. 2009). This result has a clear parallel in macroecosystems: For
example, a grassland in North America and a grassland in Africa
will share many obvious ecological similarities (with respect to,
say, forests) yet will have none of their species in common and
may have some ecosystem functions, such as pollination, per-
formed by phylogenetically independent guild members (e.g.,
bees versus bats). Exploration of this relationship between species
assemblages and ecosystem function will be a key result of
microbiome studies and may provide new insights into assembly
of a wide range of ecosystems.

Thus, we can rule out the possibility that there is a large core
microbiome at the species level, although at higher-order taxo-
nomic levels (e.g., phylum), the communities begin to resemble
one another more (although there is still immense variability in,
e.g., the ratio of Firmicutes to Bacteroidetes). There may be a con-
sistent functional signature, however, and discovering these rela-
tionships to metabolic function (Li et al. 2008; Turnbaugh et al.
2009) will be an especially important outcome of HMPs. Untan-
gling the relationships among these very high-dimensional
data sets will also require methods developed to handle millions
or even billions of sequences from thousands to millions of
samples. Key limiting factors will be algorithms to reduce com-
putational complexity and ontologies to allow convenient re-
trieval of relevant data sets from vast numbers of community
samples. Interdisciplinary studies combining ecology, microbiol-
ogy, advanced computational methods, genomics, culture-based
studies, and so on will be essential (Ley et al. 2008b). At this
stage, we need to be judicious in interpreting microbiome results
because so much variability is being uncovered, but the prospects
for discovery and impacts on human health are inspiring.
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