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Summary

Technologies for massively parallel sequencing are
revolutionizing microbial ecology and are vastly
increasing the scale of ribosomal RNA (rRNA) gene
studies. Although pyrosequencing has increased the
breadth and depth of possible rRNA gene sampling,
one drawback is that the number of reads obtained
per sample is difficult to control. Pyrosequencing
libraries typically vary widely in the number of
sequences per sample, even within individual
studies, and there is a need to revisit the behaviour of
richness estimators and diversity indices with vari-
able gene sequence library sizes. Multiple reports and
review papers have demonstrated the bias in non-
parametric richness estimators (e.g. Chao1 and ACE)
and diversity indices when using clone libraries.
However, we found that biased community compari-
sons are accumulating in the literature. Here we dem-
onstrate the effects of sample size on Chao1, ACE,
CatchAll, Shannon, Chao–Shen and Simpson’s esti-
mations specifically using pyrosequencing libraries.
The need to equalize the number of reads being com-
pared across libraries is reiterated, and investigators
are directed towards available tools for making unbi-
ased diversity comparisons.

The honeymoon is over

Massively parallel sequencing methods are revolutioniz-
ing microbial ecology. Data sets with 104 ribosomal RNA
(rRNA) gene sequence reads or more per sample are now
routinely obtained, and these data sets contain orders of
magnitude more sequence reads than typical clone librar-
ies used only a few years ago. This intense sampling of
individuals within microbial communities has revealed
new diversity, reinvigorated debates on the importance of
rare organisms, and is fostering an improved understand-
ing of ecological and biogeochemical processes. Despite
the salient advantages of generating large libraries using
next-generation sequencing technologies, multiple poten-
tial sources of bias have been identified, and the honey-
moon phase with pyrosequencing has ended. Reports of
problems derived from inaccurate base calling (Quince
et al., 2008; Kunin et al., 2010), poor alignment quality
(Schloss, 2010), inappropriate operational taxonomic unit
(OTU) clustering (Huse et al., 2010), and inconsistent
results from different primer targets (Youssef et al., 2009;
Engelbrektson et al., 2010) have, hopefully, translated
into a more measured approach to interpreting
pyrosequencing-based rRNA gene data. Here we illus-
trate that another drawback, the difficulty in controlling the
number of pyrosequencing reads obtained from each
sample, is leading to bias in published comparisons of
microbial community richness and diversity.

Biased community comparisons based on
pyrosequencing data are accumulating
in the literature

To compare multiple communities, it is useful to distill
descriptions of richness, evenness and diversity (species
richness and relative abundance) into a single estimate or
index values (Magurran, 1988). These calculations have
been used widely with rRNA gene clone libraries, and the
means to rapidly perform richness and diversity estimates
based on pyrosequencing data are available in popular
computational toolkits (Cole et al., 2009; Schloss et al.,
2009). Non-parametric calculations of minimum commu-
nity richness (e.g. Chao1 and ACE; Chao, 1984; Chao
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and Lee, 1992) are based on the probability of observing
rare and abundant species, and the dependence of these
estimates on rRNA gene clone library sampling effort has
been noted in several previous reports (Hughes et al.,
2001; Schloss and Handelsman, 2005). The Shannon and
Simpson’s indices are commonly used for comparing
species diversity and evenness, respectively, and are also
known to vary with sample size (Bowman et al., 1971;
Soetaert and Heip, 1990).

Where clone libraries are used to sample 16S rRNA
genes, the number of analysed sequences is often con-
trolled by picking greater or fewer colonies for subsequent
sequencing. Thus, typically the number of cloned
sequences obtained is relatively uniform across all
samples within a single study, and biased comparisons of
richness and diversity are less of a concern. When using
multiplexed, high-throughput sequencing, one can
attempt to equalize the number of reads obtained per
sample by mixing bar-coded amplicons in even ratios prior
to emulsion PCR and picotitre plate loading. However, the
number of reads obtained is never exactly even across all
samples. For example, during a literature search for
studies reporting 16S rRNA gene pyrosequencing data
together with either Chao1, ACE or Shannon diversity
estimates, we found that the mean standard error in the
number of reads reported per sample ranged from 12% to
96% within studies (Supporting information). As massively
parallel sequencing methods continue to displace cloning
methods, the effect of library size is clearly worth
re-emphasizing.

To illustrate the effect of variable pyrosequencing library
size on diversity estimates, several pyrosequence libraries
from various environments were randomly subsampled,
and a variety of common estimators were calculated over a
range of possible library sizes (Fig. 1). Chao1 and ACE
non-parametric estimates of richness were highly sensitive
to sample size and increased with greater sampling effort
(Fig. 1A and B). Parametric richness estimates, based on
the best-fit model determined by CatchAll (Bunge, 2011),
also increased with library size (Fig. 1C). The rate of
change in Chao1, ACE and parametric values began to
level off with sample size for certain samples (Fig. 1D–F),
although asymptotes were not reached. Shannon and

Chao–Shen diversity indices also increased with sample
size for all pyrosequence libraries (Fig. 1G and H), and
the rate of increase diminished at a lower number of
sequences than for Chao1 or ACE (Fig. 1J and K). Simp-
son’s index calculations stabilized at relatively low
sequencing depths, but showed that sample size bias
could be a concern for specific pyrosequencing libraries
(Fig. 1I and L). The decreasing effect of sample size across
richness, Shannon and Simpson’s calculations is the result
of decreasing sensitivity to rare species (Simpson, 1949;
Soetaert and Heip, 1990). These results using pyrose-
quencing read data parallel previous reports of sample size
biases in clone library data (Hughes et al., 2001; Schloss
and Handelsman, 2005) and macroorganism ecology
(Kempton, 1979; Soetaert and Heip, 1990).

The availability of review papers on diversity index
sample size bias (using non-pyrosequencing data) should
have curtailed the publication of biased data sets based
on pyrosequencing. A search for microbial ecology
studies published between November 2008 and Novem-
ber 2010 in six different journals located 41 articles that
report 16S rRNA gene pyrosequencing data together with
Chao1, ACE or Shannon diversity estimates (Table 1).
Unfortunately however, of those studies, only 24%
reported richness and diversity information that were
based upon sample size-corrected data sets. Studies that
reported the number of reads in each library, together with
Chao1 estimates on non-equalized libraries, exhibited a
tendency of increasing richness estimates with sequenc-
ing effort (Fig. 2). Although this pattern across multiple
studies may be confounded by an increased number of
artificial sequences generated by sequencing and PCR
artefacts, this trend echoed the response of Chao1 esti-
mates on individual libraries (Fig. 1) and indicates cause
for concern. Clearly, the extension of sample-size biases,
demonstrated using 16S rRNA gene clone library data, to
pyrosequencing-based studies has been largely lost.

Simple solutions to a simple (but noxious) problem

One solution for comparing unbiased non-parametric
richness estimates across libraries with variable sizes is
to randomly subsample all libraries down to the lowest

Fig. 1. Richness and diversity estimates and indices as a function of sample size. Chao1 richness (A), abundance-based coverage estimator
(ACE) richness estimate (B), parametric richness estimate (C), Shannon diversity index (G), Chao–Shen diversity index (H) and the Simpson’s
dominance index (I). First derivates of the index trends with sample size are shown for Chao1 (D), ACE (E), CatchAll (F), Shannon (J),
Chao–Shen (K) and the Simpson’s index (L). Squares, marine sample FS396 (Sogin et al., 2006); triangles, Brazilian soil sample (Roesch
et al., 2007); circles, uranium-contaminated groundwater sample FW202 (Gihring et al., in press); diamonds, mouse gut sample (M. Podar,
pers. comm.); crosses, Yellowstone National Park hot spring sample (M. Podar, pers. comm.). Full-size libraries were randomly subsampled to
generate sublibraries at 12–14 different sample sizes ranging from 150 reads up to the maximum number of sequences available for each
16S rRNA data set. Sequences from each individual sublibrary were aligned and clustered into operational taxonomic units at 97% similarity
using the RDP pyrosequencing pipeline (Cole et al., 2009). The software SPADE (Chao and Shen, 2010) was used to calculate
non-parametric richness estimates and index values. Parametric richness estimates were based on the best-fit model calculated using
CatchAll (Bunge, 2011). The means of three replicate sublibraries are shown, and error bars indicate � one standard deviation.
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number of reads prior to OTU clustering, taxa distribu-
tion analyses and richness calculations (e.g. Brazelton
et al., 2010). Programs such as Daisychopper (http://
www.genomics.ceh.ac.uk/GeneSwytch/) and Mothur can
automate library subsampling. One advantage of sub-
sampling to the lowest number of reads is that the same
sequence distribution can be used in calculating several
different estimates. Where the objective is to compare
relative richness among communities, the loss of infor-
mation on the rarest OTUs due to library size equaliza-
tion is unlikely to have a significant bearing but should
be acknowledged. One should also consider that library
equalization will not always resolve size-bias issues
during cross-study comparisons because different
researchers will undoubtedly publish data sets equalized
to different minimum numbers.

The application of Chao1 and ACE to pyrosequencing
data, even with size equalization, is not free of caveats.
Multiple studies have shown that singletons (OTUs rep-
resented by one read) in pyrosequencing libraries can be
artefactual and should be omitted from further analysis
(Kunin et al., 2010; Tedersoo et al., 2010). The Chao1
estimator, which is based on the ratio of singleton to
doubleton OTUs (Chao, 1984), is thus rendered useless
when singletons are eliminated. The ACE richness esti-
mator (Chao and Lee, 1992) is not only affected by single-
tons, but also requires defining an arbitrary number of
reads at which an OTU is considered ‘abundant’ or ‘rare’.
Clustering at 3% distance or greater may partially diminish
the severity of sequencing errors (Kunin et al., 2010).
However, given the current uncertainties surrounding rare
OTUs in pyrosequencing libraries, we recommend avoid-
ing the Chao1 and ACE richness estimators when anal-
ysing 16S rRNA gene pyrosequencing data.

Rarefaction analyses, or collection curves, can also be
used for a straightforward comparison of richness esti-
mates that are unbiased by sample size. Rather than
reporting OTU estimates for the maximum number of
reads from each library, rarefaction estimates can be com-
pared at a common sequencing depth. This approach –
rarefaction with sequence number equalization – has
been employed with rRNA gene cloning (see Schloss and
Handelsman, 2005) and pyrosequencing (e.g. Keijser
et al., 2008; Dickie, 2010; Liggenstoffer et al., 2010)
libraries. The program CatchAll (Bunge, 2011) can be
used to test various parametric models with individual
data sets and provides a suitable option for selecting
best-fit parametric models. However, parametric methods
also suffer from sample size bias (Fig. 1), and libraries
should be compared at a common subsampled library
size prior to CatchAll analyses.

Owing to its direct relationship with the number of
observed species, the Shannon diversity index
(Shannon, 1948) is dependent on sample size; this
sample size bias has been described previously
(Bowman et al., 1971; Soetaert and Heip, 1990). The
Chao–Shen index (Chao and Shen, 2003) was intended
to correct for sample size bias in under-sampled com-
munities. However, the Chao–Shen index appeared to
be only slightly less sensitive to changes in sample size
than the Shannon index (Fig. 1G and H). Sample size-
unbiased Shannon index values can be obtained by

Table 1. Analysis of studies published in six journals between
November 2008 and November 2010 that report Chao1, ACE or
Shannon index calculations based on 16S rRNA gene pyrosequenc-
ing data.

Journal
Number of
articles

% with equalized
library sizesa

Appl Environ Microbiol 6 0%
Environ Microbiol 8 13%
FEMS Microbiol Ecol 2 50%
ISME J 9 11%
Microb Ecol 4 25%
PLoS ONE 12 50%
Total 41 24%

a. Library size equalization refers to the re-sampling of sequence
libraries at a specific number of reads, or over a range of library sizes,
prior to comparing diversity calculations at an equal number of reads
for all libraries. The remaining studies made no corrections for vari-
able library sizes prior to Chao1, ACE or Shannon index calculations.
Articles that used other diversity measures with 16S rRNA gene
pyrosequencing reads, or did not report diversity comparisons, were
not included. See Supplemental Table 1 for a list of papers used to
compile this survey.

Fig. 2. Plot of Chao1 richness estimates as a function of library
size from eight published studies reporting these data based on
bacterial 16S rRNA gene pyrosequences. Each type of symbol
denotes a different study. A list of publications used to generate this
figure and Table 1 are in Supplemental Table 1.
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using Daisychopper to subsample down to the lowest
number of reads (as above), or by comparing the index
response over a range of sample sizes (i.e. rarefying)
and comparing index values at a common number of
reads (e.g. see Price et al., 2010). The latter process
can be automated with DiversitySampler (http://cran.r-
project.org/web/packages/).

Although Simpon’s index values stabilize at relatively
small library sizes (Fig. 1), we recommend that all domi-
nance calculations be performed on sublibraries of the
same size for the sake of consistency. In comparisons
between studies where normalization was not preformed,
or was performed using different parameters, the Simp-
son’s index will likely be the most robust of the indices
tested. However, the stability of richness, Shannon and
Simpson’s index values with changing sample size, and
variation during replicate re-sampling, should be evalu-
ated on a case-by-case basis.

Conclusion

Recently, Prosser (2010) chastised the community of
microbial ecologists for the general failure to establish
suitable replication in molecular assays. Here, we attempt
to prod the same community to take additional care in
controlling sequence library size across replicates and
different samples. Although published reviews have dem-
onstrated the potential for sample size bias when using
clone library sequences, next-generation sequence
library size is less controlled and libraries can vary in size
by several orders of magnitude. Compounding this library
size variability problem is the general lack of library size
equalization in pyrosequencing-based studies in the lit-
erature. Several options for eliminating sample size bias
are available, and there is no justification for publishing
rRNA gene pyrosequencing data that are biased by
sample size.
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shows a summary of published studies that did or did not
apply pyrosequencing library size equalization.
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