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METHODOLOGY ARTICLE Open Access

Impact of library preparation protocols and
template quantity on the metagenomic
reconstruction of a mock microbial
community
Robert M. Bowers, Alicia Clum, Hope Tice, Joanne Lim, Kanwar Singh, Doina Ciobanu, Chew Yee Ngan,
Jan-Fang Cheng, Susannah G. Tringe and Tanja Woyke*

Abstract

Background: The rapid development of sequencing technologies has provided access to environments that were
either once thought inhospitable to life altogether or that contain too few cells to be analyzed using genomics
approaches. While 16S rRNA gene microbial community sequencing has revolutionized our understanding of
community composition and diversity over time and space, it only provides a crude estimate of microbial functional
and metabolic potential. Alternatively, shotgun metagenomics allows comprehensive sampling of all genetic material
in an environment, without any underlying primer biases. Until recently, one of the major bottlenecks of shotgun
metagenomics has been the requirement for large initial DNA template quantities during library preparation.

Results: Here, we investigate the effects of varying template concentrations across three low biomass library
preparation protocols on their ability to accurately reconstruct a mock microbial community of known composition. We
analyze the effects of input DNA quantity and library preparation method on library insert size, GC content, community
composition, assembly quality and metagenomic binning. We found that library preparation method and the amount
of starting material had significant impacts on the mock community metagenomes. In particular, GC content shifted
towards more GC rich sequences at the lower input quantities regardless of library prep method, the number of low
quality reads that could not be mapped to the reference genomes increased with decreasing input quantities, and the
different library preparation methods had an impact on overall metagenomic community composition.

Conclusions: This benchmark study provides recommendations for library creation of representative and minimally
biased metagenome shotgun sequencing, enabling insights into functional attributes of low biomass ecosystem
microbial communities.

Keywords: Low input, Low biomass, Metagenome, Library preparation protocol, Microbiome

Background
Cultivation-independent studies are revolutionizing our
understanding of global biodiversity, and offering new
insights into the roles that microbes play in the planet’s
biogeochemical cycles. However, many microbial habi-
tats of recent interest can be considered “low biomass”
systems, as these sample types may only allow access to
a few thousand cells. Such environments include the

atmosphere [1], the deep subsurface [2], the built envir-
onment [3] and free viral communities [4, 5], among
others. While each of these environments is physically
distinct, they all require exceptionally large sampling
volumes in order to obtain sufficient quantities of DNA
for downstream processing. For example, many cubic
meters of air are required for an atmospheric sample
[6], hundreds of liters of fluids for a subseafloor sample
[7], and even larger volumes for viral communities [8].
Even at these large sampling volumes, DNA extractions
from low biomass samples rarely produce more than a
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few picograms of DNA, the equivalent of a few thousand
microbial cells (1000 cells x 1 fg DNA per cell = 1 pg) [9].
While such ultra-low DNA quantities may easily enable
amplicon sequencing, as witnessed by the wealth of data
on the types of microbes that exist in these systems, a typ-
ical metagenomic library preparation requires as much as
a microgram of input DNA [10].
The desire of the scientific community to move be-

yond PCR-based surveys to understand the community
functional attributes in low biomass ecosystems has
gone hand-in-hand with recent efforts by commercial
vendors to develop low DNA template sequencing li-
brary protocols. Methods to enrich or amplify DNA
from low biomass environments are presently available,
however each of these has its own set of biases. For ex-
ample, multiple-displacement amplification (MDA)
uses phi29 DNA polymerase to produce millions of
copies of template DNA and has been previously used
to increase template quantities in samples prepared for
metagenomic sequencing [11]. However, MDA specific
biases include non-uniform coverage of MDA templates
[12], shifts in GC profiles and as a result, an altered
microbiome [13], yet in some environments, this bias is
thought to be minimal [11]. Linear amplification for
deep sequencing (LADS) [14] and linker amplification
(LA) [4] have been developed to decrease some of these
biases, although significant laboratory expertise and
handling time are required. An interesting alternative is
the MALBAC (multiple annealing and looping-based
amplification cycles) method of genome amplification,
which uses a semi-linear amplification to reduce ampli-
fication bias and increase genome coverage [15], how-
ever this method has yet to be tested on mixed cell
populations (i.e. metagenomic samples).
Each of the methods described above requires signifi-

cant laboratory manipulation, which makes production
level scaling challenging. Two low template library
preparation methods that may be amenable to higher
throughput are Illumina’s Nextera XT kit and NuGEN’s
Mondrian microfluidics workstation in conjunction
with the NuGEN Ovation library preparation kit. Im-
portantly, these kits also dramatically reduce the
amount of hands-on laboratory prep time, which natur-
ally decreases contamination risks. The Nextera XT kit
uses a transposase mediated reaction that combines
polishing and ligation into a single 5-min reaction. The
Mondrian microfluidics system together with the Ova-
tion library prep protocol takes advantage of microflui-
dics to automate many of the steps involved in a typical
next-gen library preparation. Both Nextera XT and
Mondrian microfluidics systems have made consider-
able strides towards reducing input requirements, as
both kits currently recommend a minimum of 1 ng in-
put DNA.

Nevertheless, 1 ng is still orders of magnitude higher
than the amount of DNA typically extracted from a low
biomass sample. Therefore, either amplification methods
with minimal bias, or library preparation protocols with
even lower input requirements are urgently needed.
While amplification methods without bias are currently
not technically realistic, reducing input requirements to
levels below those recommended by the manufacturers
may be possible when contaminant levels are kept low.
For example, work by Chafee et al. [16] demonstrated
that high quality metagenomic libraries can be con-
structed from as little as 50 pg of input DNA with the
Nextera XT kit (Illumina), Solonenko et al. [5] generated
viral metagenomes with as little as 10 pg starting mater-
ial using the Linear Amplification (LA) method, and
Adey et al. [17] demonstrated that the Nextera protocol
can be used on just three copies of the human genome
without significant coverage bias, the equivalent of 10 pg
of genomic DNA.
Despite these advances, to our knowledge no study to

date has systematically benchmarked and analyzed mul-
tiple library preparation protocols across a gradient of
input DNA levels and tested the limits thereof. Using a
defined mock metagenomic community of 26 taxa, we
evaluated the performance of three distinct low DNA
template sequencing library preparation protocols: the
Nextera XT, the Mondrian microfluidics system and the
MALBAC single- cell technology. Library preparation
performance and the resulting mock metagenome se-
quence data were evaluated across a range of template
quantities spanning 50 ng to 1 pg and compared to a
200 ng unamplified TruSeq control library.

Results
General library statistics
For our defined mock community of 26 microorganisms
encompassing 23 bacteria and 3 archaea, we generated
and sequenced Illumina libraries using Nextera XT,
Mondrian and MALBAC protocols for serial template
dilutions ranging from 50 ng - 1 pg (Fig. 1). Following
read trimming and quality filtering, all datasets were
randomly subsampled to 15 million reads and all down-
stream analyses were performed on the subsampled data.
Total read counts and the percentage of reads following
retained trimming and quality filtering are reported in
Additional file 1: Table S2.
The percentage of reads lost to trimming and quality

filtering was fairly consistent across library types and in-
put quantities, where 11 % of reads were removed from
the control library and a similar fraction was removed
from the Mondrian, MALBAC and high input Nextera
XT libraries. However, with decreasing input levels in
the Nextera XT libraries, the fraction of reads removed
increased (Additional file 1: Table S2), which is likely a
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result of the increased activity of the transposase medi-
ated fragmentation reaction at the lowest inputs. The
percentage of reads retained following read QC differed
between library types (Overall ANOVA p-val < 0.001)
and this difference appears to be driven by the percent-
age of reads removed from the Nextera XT libraries as
compared to the Mondrian and MALBAC libraries
(Additional file 1: Table S2). In addition to the percent-
age of reads retained following trimming and quality fil-
tering, the percentage of duplicate reads also differed
across library types (Overall ANOVA p-val < 0.001). This
was especially noticeable in the Nextera XT libraries
(Additional file 1: Table S2), although all libraries gener-
ated a fairly large fraction of duplicate reads, which may
be related to the low diversity of our mock community.

Insert size variability
Library preparation had a strong effect on library insert
sizes (ANOVA, p < 0.001) (Fig. 2a and Additional file 1:
Table S3). The mean insert size of the control TruSeq li-
brary was 237 bp, which approximates the desired insert
size as the TruSeq library contained sufficient starting
material (200 ng) and no PCR enrichment cycles. The
mean insert size for the Nextera XT, Mondrian and
MALBAC libraries were 110, 200 and 208 bp, respect-
ively. Conversely, input level did not have an effect on
insert size distributions (high, medium and low)
(ANOVA, p > 0.05) (Additional file 1: Table S3). The
largest differences in insert size distributions occur
between libraries originating from Covaris sheared input
DNA and libraries prepared by the Nextera XT

tagmentation procedure. The effect of library type on in-
sert size was evaluated further using pairwise comparisons
and Bonferroni adjusted p-values indicating that the
Nextera XT peak insert sizes significantly differed from
both Mondrian and MALBAC insert sizes (p < 0.001 in
both cases) while the Mondrian and MALBAC insert
sizes were not statistically distinct (p > 0.05) (Fig. 2a
and Additional file 1: Table S3). These results are ex-
pected given that enzymatic shearing is generally more
biased with regard to DNA fragmentation, as compared
to mechanical methods, such as sonication [17].

GC shifts with decreasing input levels
GC profiles showed minor differences between the three
library types, however shifts were apparent within the
Nextera XT and Mondrian dilution series (Fig. 2b). As
input level decreased, a shift toward a more GC rich
community was observed. The GC profile of the unamp-
lified TruSeq control contained a dominant GC peak at
43 % and a minor peak at 58 %. The MALBAC libraries
displayed a very different profile than the control, while
Nextera XT and Mondrian libraries gradually shifted to
GC rich profiles where the libraries with the highest GC
content correspond to the lowest input quantities
(Fig. 2b). To analyze these profiles statistically, we per-
formed a simple ANOVA on the dominant GC peak
(GC percentage) containing the highest number of reads
(dominant peak in Fig. 2b) across the three library types
and the three input levels (low, medium and high). Library
type had no statistical effect on GC profiles (ANOVA,
p > 0.05), while input level did exhibit an effect (ANOVA,

Fig. 1 Sample overview. Each tube on this plot represents a mock metagenomic library preparation. The control library is an unamplified TruSeq
library of the same mock community sample generated from 200 ng input DNA
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p = 0.05) (Additional file 1: Table S3). Following a Bonfer-
roni p-value adjustment for multiple tests, no significant
pairwise comparisons were observed, although the high
versus low and high versus medium comparisons (Fig. 2b)
suggest the potential for shifting GC profiles from low to
high GC %, reflecting the trend that the high input librar-
ies were more similar to the control than the lowest input
libraries. This pattern is likely the result of an increase in
PCR enrichment cycling just prior to flow cell loading and
sequencing. To analyze this effect in more detail, we
plotted the number of reads that mapped to each refer-
ence organism, and arranged the reference taxa from
low to high GC %, which enabled the determination of
the taxa driving the shift in overall metagenome GC
profiles. The abundances of low and high GC organisms
changed through the dilution series (Fig. 3), where a
gradual drop in abundance was observed in the following
low GC organisms: Clostridium perfringens, Streptococcus
pyogenes, Ferividobacterium pennivorans and Clostridium
thermocellum with a concomitant increase in the high GC
organism abundances including Halovivax ruber, Olse-
nella uli and Segniliparus rotundus. Furthermore, the GC
profiles of all reads that failed to map to the references

(unmapped reads) were also skewed toward high GC con-
tent (Additional file 1: Figure S1). Together, this suggests a
shift in GC content and a corresponding shift in mock
taxa abundances that will eventually lead to artificial shifts
in overall metagenome composition.

Read mapping to reference genomes reveals differences
between library preparations and input levels
Compared to the unamplified TruSeq control, the
Nextera XT and most Mondrian libraries (top 6 dilu-
tions, 5 ng – 50 pg) produced very few (less than 1 %)
unmapped sequence reads (Additional file 1: Table S2,
Figure S1B) and the taxonomic distributions were
similar to the unamplified control library (Fig. 4a), al-
though as stated above, taxa abundances did change
with decreasing input levels. In contrast, the MALBAC
libraries differed from the unamplified control throughout
the dilution series. For example, Meiothermus silvanus
was consistently enriched in the MALBAC libraries, while
the relative abundances of Natronobacterium gregoryi,
Olsenella uli, Segniliparus rotundus, Halovivax ruber and
Desulfotomaculum gibsoniae decreased (Fig. 4a) when
compared to the control library. The number of

Fig. 2 a Insert size and (b) GC profiles of Illumina sequence data from each of the three different library preparation methods. Unamplified
control library is represented by the red dashed line
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Fig. 3 Relative abundances of each mock community member and the unmapped reads with the exception of Nocardiopsis dassonvillei (too few
sequences mapped to reference). Individual GC plots corresponding to the high and low GC references are displayed in Additional file 1: Figure
S1, which further illustrates the shift in relative abundance from low to high GC organisms across the dilution series. Unamplified control library is
represented by the red diamond

Fig. 4 a Mock community relative abundances across each library prep kit and across each dilution including the TruSeq 200 ng Control library
(top). b Principal coordinates analyses of Euclidean distances derived from mapping reads to the mock community reference genomes (left
column) and of k-mer frequencies (right column, averaged sample k-mer frequencies from k2-k10 sample by sample k-mer distance matrices).
Individual samples are colored by either library preparation (top) or starting input quantity (bottom). The unamplified 200 ng control library is
represented by the red point in each ordination
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unmapped reads in the MALBAC libraries was also rela-
tively high, above 1 % across all libraries and nearly 30 %
in the 1 pg library. To further characterize the unmapped
reads, the unmapped sequences were reclassified with
FOCUS, a short read classifier based on a database of
2766 reference genomes [18]. This allowed us to deter-
mine if reads were simply below the quality required for
mapping or if they represent common contaminants that
overwhelm the target DNA during library preparation.
The unmapped reads identified in the MALBAC libraries
represented a relatively large proportion of total reads
(Fig. 4a and Additional file 1: Table S1), and many of these
reads were surprisingly reclassified to Meiothermus sil-
vanus, a member of the mock community, which implies
that these reads were below the quality required for the
initial reference based read mapping. The remaining un-
mapped reads from the MALBAC libraries were reclassi-
fied with FOCUS to a variety of taxa not included in the
mock community (Additional file 1: Figure S2), which
likely represent reagent and/or lab contaminants that be-
come more pronounced at the lowest dilutions, which is
one of the inherent risks when working with low-biomass
samples. By contrast, the majority of the unmapped reads
from the 5 and 1 pg Mondrian libraries (Additional file 1:
Figure S2) could not be assigned to the FOCUS database
with the exception of some Mycoplasma pneumoniae
assignments, indicating low quality reads at the lowest in-
puts (Additional file 1: Figure S2).
To further explore whole library differences where

each sample represents an individual microbial commu-
nity, we computed Euclidean distances of all pairwise
library comparisons, and performed principal coordi-
nates analyses (PCoA) on these distances to determine
whether library type and/or input level had an effect on
the overall composition of the mock metagenomes.
Based on the Euclidean distance PCoA plot in Fig. 4b
(left column), the Nextera XT and Mondrian libraries
appear highly similar to the control library while the
MALBAC libraries formed their own distinct cluster
(Fig. 4b left column). These patterns were supported
using PERMANOVA statistics on the distance matrices
with library type as the grouping factor, excluding the con-
trol sample as n = 1 (PERMANOVA p < 0.001, Additional
file 1: Table S4). Both Nextera XT and Mondrian libraries
significantly differed from the MALBAC libraries (Nextera
XT vs MALBAC: p = 0.006, and Mondrian vs MALBAC:
p = 0.006, Additional file 1: Table S4). When libraries
were grouped by input level (high, medium and
low), no effect was observed (PERMANOVA p > 0.05,
Additional file 1: Table S4), however there does ap-
pear to be a within library gradient where libraries
of higher input are more similar to each other than
they are to the lower input libraries (PCoA Fig. 4b,
left bottom plot).

Sequence signatures demonstrate compositional
differences between library types
To supplement the community comparisons using read
abundances, we also used k-tuple frequencies to determine
the effect of library type and input level on the resulting
metagenomic composition irrespective of reference data-
base. This approach calculates k-mer frequencies across a
range of k-mers (k2-k10), then generates distance matrices
used as input for ordinations and multivariate statistical
analyses [19]. The results indicate similar patterns to the
read mapping results, as library type (PERMANOVA p =
0.001, Fig. 4b right column, Additional file 1: Table S4),
but not input level (PERMANOVA p > 0.05, Fig. 4b right
column, Additional file 1: Table S4) significantly influenced
the k-tuple frequency of the mock metagenomic libraries.
However, there again appears to be a slight gradient where
the higher input Mondrian and Nextera XT libraries clus-
ter closer to the control than the lower input libraries
(Fig. 4b right bottom plot). We justified the grouping of
different k-mer length profiles by performing a Procrustes
analysis on small (k2-k3), medium (k4-k6) and large (k7-
k10) k-mer length profiles in order to ensure reproducibil-
ity of community profiles at different k-mer lengths. As
observed in Additional file 1: Figure S3, the effect that
library type had on metagenomic sequence composition is
present regardless of k-mer length.

Assembly quality varies across library type and input
level
De novo assemblies were generated for each sample and
the associated assembly statistics are presented in Add-
itional file 1: Table S2 and Table S5. The control unamp-
lified TruSeq library had an overall assembly size of
60 Mb, total number of contigs was 43,848, contig N50
was 1271 bp, largest contig was 1.3 Mb and 95 % of
reads could be mapped back to the assembly. Overall,
the assembly stats of the three tested library prepara-
tions were variable (Additional file 1: Table S2 and Table
S5), although there are a few consistent patterns worth
noting. The percentage of reads that mapped back to the
corresponding assemblies gradually declined with de-
creasing DNA input. Moreover, the largest contigs for
each of the tested library types were considerably smaller
than the largest contig generated from the unamplified
control library.

Reference independent binning produces near complete
genomes of many of the dominant mock community
microbes
To complete our current analyses, we binned genomes
from each of the low input metagenomic libraries and
compared the distribution and completeness (based on
the presence of co-located marker gene sets) of the ex-
tracted bins to the bins extracted from the unamplified
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control library. The employed binning tool, MetaBAT,
uses a reference independent approach to bin genomes
based on coverage and tetra-nucleotide frequency [20].
Provided that our low input library comparisons re-
quired subsampling to allow sample to sample compari-
sons, our intent was not to assemble all the genomes
present in the mock community, but instead to make
meaningful comparisons between the bins extracted
from the ideal unamplified control library to the low
input libraries. Based on the binning results and bin
quality assessments, ten near complete, taxonomically
distinct genome bins were extracted from the control li-
brary. A very similar genome bin profile was observed in
the Nextera XT libraries down to 5 pg, however no bins
could be extracted from the 1 pg library (Fig. 5). Inter-
estingly, the Mondrian libraries produced high quality
bins in the middle of the dilution series while few bins
could be extracted from the highest and lowest input
samples. This observation appears to mimic the assem-
bly statistics derived from the Mondrian libraries,
where the best assemblies were obtained from the li-
braries between 500 and 50 pg input material. Consist-
ent with the read and composition based analyses
described above, the MALBAC libraries were the most
biased of the three tested protocols. Only one taxo-
nomic bin could be successfully extracted (Fig. 5), a
Meiothermus silvanus bin, which is expected based on
the over-representation of this mock community mem-
ber in the MALBAC libraries (Fig. 4a).

Discussion
Based on insert sizes, GC content, read mapping, k-mer
frequency and assembly statistics, the low biomass li-
braries with the highest similarity to the 200 ng

unamplified control were the Nextera XT libraries
followed by the Mondrian libraries, and finally, the
MALBAC libraries. While no library type achieved best
results across all metrics used in our current study, the
Nextera XT libraries performed topmost, as the only
quality metrics significantly departing from the control
were peak insert size, GC content at the lowest inputs,
and some of the assembly statistics.

Tagmentation produces variable insert sizes
Enzymatic fragmentation based on the Tn5 transposase
has been described as a highly efficient library prepar-
ation method [21], with the main obstacle being the
control of library insert size. The Nextera XT transpo-
sase produced insert sizes that were on average consid-
erably smaller than the other library types (Fig. 2a),
which is consistent with the observations noted by Cha-
fee et al. [16] and Adey et al. [17], suggesting increased
activity and the potential for slight sequence dependent
biases at the lowest template levels. Few studies have an-
alyzed the effect of over fragmentation in Nextera XT li-
braries, however work by Marine et al. found that even
the smallest inserts (<100 bp) recruited to viral reference
genomes at a similar frequency to the longer sequences
used in their study (>500 bp) [22]. This is similar to our
own read mapping results, as a high fraction of reads
were mapped back to the respective assemblies through-
out most of the dilution series with the exception of the
lowest input, 1 pg library (Additional file 1: Table S2).
However, paired-end 150 bp reads may result in truncated
reads when inserts are < 150 bp, and redundant sequence
data when inserts are < 300 bp; reduced efficiency of small
inserts may explain the slightly poorer assembly results
from the Nextera XT data.

Fig. 5 Heatmap noting the completeness of genomic bins extracted from each of the low input metagenomes. The color bar on top of the
figure refers to each of the three tested library types and control library (Control = red, Nextera XT = green, Mondrian = blue and MALBAC =
yellow). Samples are also arranged where the highest input quantity is located on the left side of each library type
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Variation in library GC content may be related to
increased PCR cycling at the lowest inputs
While PCR enrichment is an often necessary step in the
production of sufficient adapter ligated library molecules
for sequencing, this step can lead to an artificial, albeit
stochastic shift in GC content [23, 24]. For example,
Aird et al. examined sources of potential bias through
the course of an Illumina library preparation including
mechanical shearing, ligation of adapters and the PCR
enrichment step. They noted that PCR led to the largest
bias, as the coverage of both AT and GC rich portions of
the E. coli K12 genome dropped dramatically following
as few as 10 PCR cycles [25]. Interestingly, the three
tested library types in our current study each had a sig-
nificant GC shift below 500 pg input DNA (Fig. 2b).
Similarly, Chafee et al. [16] observed a GC shift in Ara-
bidopsis associated metagenomic communities with de-
creasing input. While the direction of the GC shift
observed by Chafee et al. was the opposite direction of
our current analyses (AT rich fragments increased in
Arabidopsis community while GC-rich fragments in-
creased in our current work), this shift may be organism
specific [14, 26], and is therefore difficult to generalize
across whole microbial communities. What can be gen-
eralized is that some form of PCR amplification bias is
occurring, which leads to slightly altered abundance
profiles at the lowest input levels (Fig. 4 and Additional
file 1: Figure S1). Consequently, the number of PCR cy-
cles used prior to and following adapter ligation should
be kept to a minimum to avoid GC-based shifting com-
munity composition, which would make quantitative
analysis prohibitive.

Taxonomic assignment of reads to references is minimally
biased in the Nextera XT and Mondrian libraries down to
picogram levels
Since this work was performed on a defined mock com-
munity, our analyses represent a systematic overview of
the factors with the greatest impact on the subsequent
metagenomic sequence data. The mapping of reads to
references demonstrated that the Nextera XT libraries
were most similar to the unamplified control library with
the fewest unmapped reads throughout much of the di-
lution series (Fig. 4). The number of unmapped reads
observed in the Mondrian samples exceeded 1 % in the
5 and 1 pg libraries, while all MALBAC libraries con-
tained high levels of reads that could not be mapped
back to the reference genomes, suggestive of significant
biases associated with the MALBAC amplification pro-
cedure. The MALBAC procedure is intended to reduce
bias by suppressing the over-amplification of abundant
template molecules, has recently been shown to produce
unbiased coverage across human cancer cell lines [15]
and has performed as well as other single-cell

amplification methods such as MDA on single-cell tem-
plates [27]. However, both studies examined the value of
the MALBAC procedure on isolated single cells, not
mixed metagenomic populations. Based on our current
work, this method clearly over-amplifies some taxa at
the expense of others, making it unsuitable for use on
low biomass environmental samples (Fig. 4).
The rather small increase in the number of unmapped

reads at the lowest Nextera XT inputs and the slightly
larger increase in unmapped reads in the 5 and 1 pg
Mondrian libraries suggests that low input libraries
using either the Nextera XT or Mondrian systems are
suitable for picogram range DNA samples with the un-
derstanding that some biases may occur as the number
of PCR enrichment cycles is increased. However, as
other recent microbiome studies have pointed out, con-
taminants become increasingly important and problem-
atic at low target DNA quantities [28–31]. Therefore,
both wetlab scientists and bioinformatic analysts need to
be aware of the effect of additional PCR cycling on over-
all community composition, and the increasing influence
of contaminants with low amounts of starting material.

Comparative metagenomics using community based
analyses
In addition to the general library statistics and taxo-
nomic read mapping, we also took a community ecol-
ogy approach to assess the variability between library
types and input quantities. Based on these analyses, we
found that library type had a significant effect on meta-
genome composition (both read mapping and k-mer
analyses). While input level had no significant effect, a
slight gradient separating the high and low input levels
in the k-mer based principal coordinates plots was ap-
parent (Fig. 4b). Although Chafee et al. used a slightly
different experimental approach, they too did not ob-
serve a significant effect of either input level or PCR
cycle number on Nextera XT metagenomes [16]. In our
current work, we could not decouple the effect of PCR
cycle number and input quantity, as an increase in PCR
cycles was needed for library production from the low-
est inputs. The MALBAC procedure clearly generated the
most distinct libraries of the three tested protocols, and
these libraries were also clearly different from the unampli-
fied control library (Fig. 4b and Additional file 1: Figure S3).
While this technology has been previously shown to pro-
duce similar results to other single-cell amplification
methods [27], our results suggest that this method is not
well suited for low biomass metagenome studies (Fig. 4).

Assembly quality varies across library types with
potential impact on downstream analyses
Assembling reads into larger contiguous fragments is be-
coming increasingly important in metagenomic studies.
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Read lengths will continue to increase and assembly al-
gorithms specific for metagenomes are now being devel-
oped [32–34]. In our current study, the assembly
statistics for both Nextera XT and Mondrian libraries
were acceptable, however neither library produced the
assembly quality of the unamplified 200 ng control li-
brary (Additional file 1: Table S2). To further assess as-
sembly quality, we binned the contigs from each library
into distinct genomic bins and determined the corre-
sponding bin completeness using sets of lineage specific
co-located marker genes [35]. Ten taxonomically distinct
bins were created from the 200 ng unamplified control
library, which was mirrored in the Nextera XT libraries
with the exception of the 1 pg library. The same genome
bins were extracted from the middle input (500 – 50 pg)
Mondrian libraries (Fig. 5). The drop off in binning effi-
ciency at the lowest input levels is likely the result of de-
creased assembly quality at the lowest inputs as noted in
Additional file 1: Table S2. In contrast, the MALBAC li-
braries only produced a single Meiothermus silvanus bin
throughout the dilution series, which likely reflects the
compositional bias associated with this library prepar-
ation procedure (Fig. 4a). Overall, our current work sug-
gests that satisfactory assembly quality can be achieved
using the Nextera XT kit down to 5 picograms of input
DNA with little effect on downstream analyses such as
extracting genomes from metagenomes (Fig. 5). High
quality assemblies are often a prerequisite for meaning-
ful functional annotation, as annotation based on either
short reads or many short contigs will likely result in
fragmented gene predictions or may fail proper annota-
tion altogether. Therefore, based on our current work,
the Nextera XT protocol produces high quality, low in-
put metagenomic libraries at extremely low inputs suit-
able for a variety of downstream analyses.

Conclusions
The motivation behind our current work was to deter-
mine the lower limits of metagenomic library prepar-
ation protocols and to assess which library prep
performed best down to single picogram DNA input
levels. We show that despite the typical biases associated
with the PCR enrichment step, high quality metage-
nomic libraries can be produced at low picogram levels,
although more DNA is desirable to minimize the risk of
contamination and maximize the read and assembly
quality metrics as discussed. Of the three tested library
preparation protocols, the Nextera XT and Mondrian
protocols produced the highest quality libraries across
all dilutions. From a production standpoint, the Nextera
XT library preparation kit is most amenable to a high
throughput workflow, as it is a quick library preparation
procedure that can be performed in 96-well format with

limited hands-on time. This study lays the groundwork
for the continued metagenomic exploration of low bio-
mass ecosystems without the use of pre-enrichment
steps such as MDA. Lastly, as the field of microbial gen-
omics is moving towards the isolation and sequencing of
microbial aggregates, microcolonies and/or single cells
where MDA has been a requirement to date, we are
gradually transitioning to a new sequencing era where
the output of As, Ts, Gs and Cs will no longer be limited
by the amount of starting material.

Methods
Description of mock community composition
The mock community is composed of 23 bacterial spe-
cies and 3 archaeal species (Additional file 1: Table S1).
DNA from pure cultures of each of the 26 microbial taxa
was extracted with standard genomic purification kits.
DNA extracts were quantified in quadruplicate with the
Qubit 2.0 fluorometer and pooled at varying ratios to
produce a mock community representative of a low di-
versity metagenome sample (Additional file 1: Table S1).

Library preparation and sequencing
DNA from the same pooled mock community sample
was used as input for each of the different library prep-
aration procedures. The unamplified control library was
prepared from a 200 ng aliquot of the pooled mock
community DNA using Illumina’s TruSeq library prepar-
ation protocol. Ten-fold dilutions of extracted genomic
DNA were prepared for Nextera XT, Mondrian and
MALBAC libraries. The dilution series used in Mondrian
and MALBAC library preparation and the 200 ng control
aliquot were each subject to mechanical shearing using
the Covaris Adaptive Focused Acoustics instrument
resulting in 300 bp fragments. Following fragmentation,
TruSeq, Mondrian and MALBAC libraries were pre-
pared following manufacturers instructions. Briefly, the
Mondrian libraries were prepared using the Mondrian
SP+ microfluidics system and NuGen’s Ovation Ultra-
low DR Muliplex kit using 9 PCR enrichment cycles for
the 5 ng sample, 15 cycles for the 1 ng sample and
20 cycles for all samples below 1 ng. MALBAC libraries
were prepared using 8 linear pre-amplification rounds
using MALBAC specific primers, which enables loop-
ing of full amplicons, preventing the overamplifcation
of high abundance fragments. Following the MALBAC
pre-amplification rounds, an additional 12 cycles were
performed on samples ≥ 1 ng, 13 cycles for samples be-
tween 500 pg and 50 pg and 14 cycles for samples ≤
10 pg. Finally, the tagmentation based Nextera XT librar-
ies were prepared following the Nextera XT protocol with
12 PCR enrichment cycles for the inputs from 1 ng –
100 pg and 15 PCR enrichment cycles for the 50 – 1 pg
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Nextera XT libraries. All libraries were sequenced on the
Illumina HiSeq 2000 platform using 2 x 150 bp paired end
sequencing [36]. The dilutions and overall sampling
scheme used are illustrated in Fig. 1.

Library quality control, trimming, read mapping, de novo
assembly and binning
All libraries were quality checked and trimmed in the
same manner. Briefly, quality trimming, contaminant re-
moval and adapter trimming were performed using the
bbtools (http://sourceforge.net/projects/bbtools/) mod-
ule bbqc.sh. The percentage of duplicate sequences was
calculated using the bbtools dedupe.sh module. Dupli-
cated reads were reported but not removed from down-
stream analyses, as it remains difficult to designate a
duplicated sequence as either artificial or natural, espe-
cially in a low diversity community [16] such as this 26
member mock community used in our current study.
Quality checked, trimmed reads were subsampled to

15 million reads per sample to allow library to library
comparisons, both at the read and assembly levels. Fol-
lowing subsampling, reads were mapped back to the 26
reference genomes using the module bbsplit from the
bbtools package (http://sourceforge.net/projects/bbtools/),
which allows mapping of reads to multiple references sim-
ultaneously. Reads were assigned as unmapped if they did
not map to one of the reference genomes at 95 % similar-
ity or higher. If reads map to multiple references, reads
are assigned to the reference that they map to best (high-
est % similarity). Following read mapping, a taxa by obser-
vation (sample) table was made in order to compare
libraries and perform the relevant statistics.
The quality checked, trimmed and subsampled reads

were used as input for our in-house metagenomic as-
sembly pipeline. This pipeline uses SOAPdenovo [37], a
short read assembler that uses six different k-mer
lengths (soap81, soap85, soap89, soap, 95, soap87 and
soap101). This pipeline follows recommendations laid
out in Scholz et al. 2014 [38]. Briefly, different k-mer
sizes were used as different assemblies can result from
different k-mer lengths and smaller k-mer lengths can
help assemble genomes present at lower abundance.
While a higher number of missassemblies may occur in
smaller k-mer length assemblies, it is believed that as-
semblies with varying k-mer lengths will produce more
complete assemblies [38]. Contigs generated from each
assembly (6 total contig sets) were de-replicated, then
sorted into two pools based on length. Contigs smaller
than 1800 bp were reassembled using Newbler (Life
Technologies, Carlsbad, CA version 2.8) in an attempt
to generate longer contigs. All contigs larger than
1800 bp were then combined. Finally, reads were
mapped back to the assembly using bbmap from the
bbtools software package and assembly stats were

generated using stats.sh, also from the bbtools software
package (http://sourceforge.net/projects/bbtools/). Fol-
lowing assembly, we performed metagenomic binning
using MetaBAT, which uses both coverage and se-
quence composition for the identification of bins from
complex communities [20]. To estimate completeness
of each genome bin, we used CheckM, a software pack-
age developed to assess overall bin quality based on co-
located sets of lineage specific marker genes [35].

Analysis of communities using k-tuple frequencies
Libraries were also compared using d2Tools, which is a
sequence-signature based approach that counts the
frequency of k-tuples (k2-k10) of each sample, then cal-
culates pairwise dissimilarity matrices using various dis-
tance metrics [19]; Euclidean distances are reported
here. Following distance matrix calculations, individual
distance matrices for each k-mer depth were merged to
a single distance matrix by calculating the mean dis-
tances across k-mer depths (k2-k10). To ensure that k-
mer profiles of k2-k10 could be merged, k-mer profiles
were split into short (k2-k3), medium (k4-k6) and high
(k7-10) k-mer depths and the corresponding profiles
were compared using Procrustes analyses (Additional
file 1: Figure S3), which displayed similar profiles across
the three binned k-mer depths.

Statistical analyses
All statistical analyses and visualizations were performed
with R version 3.1.1. The maximum insert size and GC
profile peak heights that represent the dominant insert
size and GC content were used as input for 1-way ANO-
VAs comparing both library type and input level
(grouped into low, medium and high inputs, see Fig. 1).
1-way ANOVAs were also performed on the various as-
sembly metrics used to assess the quality of the assem-
blies across library preparation protocols and input
levels. Euclidean distance matrices and the correspond-
ing principal coordinates were calculated on the taxa
by sample table using Qiime [39] and plotted using R
and the ggplot2 package. Euclidean distances gener-
ated by the d2-Tools k-mer profiling software were
also used as input for principal coordinates calcula-
tions and corresponding visualizations using Qiime, R
and ggplot2. Permutational multivariate analysis of
variance (PERMANOVA) using all distance matrices
was performed using the Adonis function from the R
package vegan on the results of both the read (bbsplit)
and k-mer based distance matrices (d2-Tools). For
multiple comparisons such as all pairwise library type
comparisons, p-values were adjusted using the Bonferroni
correction.
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Availability of supporting data
The data sets supporting the results of this article are
available for download at http://genome.jgi.doe.gov/
LowBiomassRD/LowBiomassRD.info.html. For each li-
brary type: TruSeq Control, Nextera XT, Mondrian and
MALBAC, there are raw fastq files and the corresponding
assemblies.

Additional file

Additional file 1: Supplementary Info. (DOCX 3.22 MB)

Competing interests
The authors declare that they have no competing interests.

Authors’ contributions
RMB and AC analyzed the metagenomic data. HT, JL, KS, DC and CYN
prepared the metagenomic libraries. J-FC, SGT and TW designed the study.
RMB and TW wrote the paper, with contributions from HT, JL, KS, DC, CYN,
J-FC and SGT. All authors have read and approve this manuscript.

Acknowledgements
The work conducted by the U.S. Department of Energy Joint Genome
Institute, a DOE Office of Science User Facility, is supported under Contract
No. DE-AC02-05CH11231. We would like to thank the JGI production team,
including Chia-Lin Wei, Shweta Deshpande and Chris Daum for the sequencing,
and Christa Pennacchio, Tatyana Smirnova and Chris Beecroft for assistance
with data deposition to the JGI Genome Portal.

Received: 13 July 2015 Accepted: 13 October 2015

References
1. Womack AM, Bohannan BJM, Green JL. Biodiversity and biogeography of

the atmosphere. Philos Trans R Soc Lond Ser B Biol Sci.
2010;365(1558):3645–53. http://doi.org/10.1098/rstb.2010.0283.

2. Chivian D, Brodie EL, Alm EJ, Culley DE, Dehal PS, DeSantis TZ, et al.
Environmental genomics reveals a single-species ecosystem deep within
Earth. Science. 2008;275–8. http://doi.org/10.1126/science.1155495.

3. Kelley ST, Gilbert JA. Studying the microbiology of the indoor environment.
Genome Biol. 2013;14(2):202. http://doi.org/10.1186/gb-2013-14-2-202.

4. Duhaime MB, Deng L, Poulos BT, Sullivan MB. Towards quantitative
metagenomics of wild viruses and other ultra-low concentration DNA
samples: a rigorous assessment and optimization of the linker amplification
method. Environ Microbiol. 2012;14(9):2526–37. http://doi.org/10.1111/
j.1462-2920.2012.02791.x.

5. Solonenko SA, Ignacio-Espinoza JC, Alberti A, Cruaud C, Hallam S,
Konstantinidis K, et al. Sequencing platform and library preparation choices
impact viral metagenomes. BMC Genomics. 2013;14(1):320. http://doi.org/
10.1186/1471-2164-14-320.

6. Bowers RM, Clements N, Emerson JB, Wiedinmyer C, Hannigan MP, Fierer N.
Seasonal variability in bacterial and fungal diversity of the near-surface
atmosphere. Environ Sci Technol. 2013;47(21):12097–106. http://doi.org/
10.1021/es402970s.

7. Jungbluth SP, Grote J, Lin H-T, Cowen JP, Rappé MS. Microbial diversity
within basement fluids of the sediment-buried Juan de Fuca Ridge flank.
ISME J. 2013;7(1):161–72. http://doi.org/10.1038/ismej.2012.73.

8. Martínez Martínez J, Swan BK, Wilson WH. Marine viruses, a genetic reservoir
revealed by targeted viromics. ISME J. 2014;8(5):1079–88. http://doi.org/
10.1038/ismej.2013.214.

9. Hutchison CA, Venter JC. Single-cell genomics. Nat Biotechnol.
2006;24(6):657–8. http://doi.org/10.1038/nbt0606-657.

10. Thomas T, Gilbert J, Meyer F. Metagenomics - a guide from sampling to data
analysis. Microb Inf Exp. 2012;2(1):3. http://doi.org/10.1186/2042-5783-2-3.

11. Yokouchi H, Fukuoka Y, Mukoyama D, Calugay R, Takeyama H, Matsunaga T.
Whole-metagenome amplification of a microbial community associated
with scleractinian coral by multiple displacement amplification using phi29

polymerase. Environ Microbiol. 2006;8(7):1155–63. http://doi.org/10.1111/
j.1462-2920.2006.01005.x.

12. Marine R, McCarren C, Vorrasane V, Nasko D, Crowgey E, Polson SW, et al.
Caught in the middle with multiple displacement amplification: the myth
of pooling for avoiding multiple displacement amplification bias in a
metagenome. Microbiome. 2014;2(1):3. http://doi.org/10.1186/2049-2618-2-3.

13. Yilmaz S, Allgaier M, Hugenholtz P. Multiple displacement amplification
compromises quantitative analysis of metagenomes. Nat Methods.
2010;7(12):943–4. http://doi.org/10.1038/nmeth1210-943.

14. Hoeijmakers WAM, Bártfai R, Françoijs K-J, Stunnenberg HG. Linear
amplification for deep sequencing. Nat Protoc. 2011;6(7):1026–36.
http://doi.org/10.1038/nprot.2011.345.

15. Zong C, Lu S, Chapman AR, Xie XS. Genome-wide detection of single-
nucleotide and copy-number variations of a single human cell. Science.
2012;1622–6. http://doi.org/10.1126/science.1229164.

16. Chafee M, Maignien L, Simmons SL. The effects of variable sample biomass
on comparative metagenomics. Environ Microbiol. 2014. http://doi.org/
10.1111/1462-2920.12668.

17. Adey A, Morrison HG, Asan, Xun X, Kitzman JO, Turner EH, et al. Rapid,
low-input, low-bias construction of shotgun fragment libraries by high-
density in vitro transposition. Genome Biol. 2010;11(12):R119. http://doi.org/
10.1186/gb-2010-11-12-r119.

18. Silva GGZ, Cuevas DA, Dutilh BE, Edwards RA. FOCUS: an alignment-free
model to identify organisms in metagenomes using non-negative least
squares. PeerJ. 2014;2:e425. http://doi.org/10.7717/peerj.425.

19. Jiang B, Song K, Ren J, Deng M, Sun F, Zhang X. Comparison of
metagenomic samples using sequence signatures. BMC Genomics.
2012;13(1):730. http://doi.org/10.1186/1471-2164-13-730.

20. Kang DD, Froula J, Egan R, Wang Z. A robust statistical framework for
reconstructing genomes from metagenomic data. bioRxiv. Cold Spring
Harbor Labs Journals. 2014. Retrieved from http://biorxiv.org/content/early/
2014/11/15/011460.abstract.

21. Picelli S, Bjorklund AK, Reinius B, Sagasser S, Winberg G, Sandberg R. Tn5
transposase and tagmentation procedures for massively-scaled sequencing
projects. Genome Res. 2014;gr.177881.114. http://doi.org/10.1101/
gr.177881.114.

22. Marine R, Polson SW, Ravel J, Hatfull G, Russell D, Sullivan M, et al.
Evaluation of a transposase protocol for rapid generation of shotgun high-
throughput sequencing libraries from nanogram quantities of DNA. Appl
Environ Microbiol. 2011. http://doi.org/10.1128/AEM.05610-11.

23. Benjamini Y, Speed TP. Summarizing and correcting the GC content bias in high-
throughput sequencing. Nucleic Acids Res. 2012;40(10):e72.
http://doi.org/10.1093/nar/gks001.

24. Kebschull JM, Zador AM. Sources of PCR-induced distortions in high-
throughput sequencing datasets. bioRxiv. Cold Spring Harbor Labs Journals.
2014. Retrieved from http://biorxiv.org/content/early/2015/05/21/
008375.abstract.

25. Aird D, Ross MG, Chen W-S, Danielsson M, Fennell T, Russ C, et al. Analyzing
and minimizing PCR amplification bias in Illumina sequencing libraries.
Genome Biol. 2011;12(2):R18. http://doi.org/10.1186/gb-2011-12-2-r18.

26. Kozarewa I, Ning Z, Quail MA, Sanders MJ, Berriman M, Turner DJ.
Amplification-free Illumina sequencing-library preparation facilitates
improved mapping and assembly of (G + C)-biased genomes. Nat Methods.
2009;6(4):291–5. http://doi.org/10.1038/nmeth.1311.

27. de Bourcy CFa, De Vlaminck I, Kanbar JN, Wang J, Gawad C, Quake SR. A
quantitative comparison of single-cell whole genome amplification methods.
PLoS One. 2014;9(8):e105585. http://doi.org/10.1371/journal.pone.0105585.

28. Biesbroek G, Sanders EAM, Roeselers G, Wang X, Caspers MPM, Trzciński K,
et al. Deep sequencing analyses of low density microbial communities:
working at the boundary of accurate microbiota detection. PLoS One.
2012;7(3):e32942. http://doi.org/10.1371/journal.pone.0032942.

29. Lusk RW. Diverse and Widespread Contamination Evident in the Unmapped
Depths of High Throughput Sequencing Data. PLoS One.
2014;9(10):e110808. http://doi.org/10.1371/journal.pone.0110808.

30. Salter SJ, Cox MJ, Turek EM, Calus ST, Cookson WO, Moffatt MF, et al.
Reagent and laboratory contamination can critically impact sequence-based
microbiome analyses. BMC Biol. 2014;12(1):87. http://doi.org/10.1186/s12915-
014-0087-z.

31. Weiss S, Amir A, Hyde ER, Metcalf JL, Song SJ, Knight R. Tracking down the
sources of experimental contamination in microbiome studies. Genome
Biol. 2014;15(12):564. http://doi.org/10.1186/s13059-014-0564-2.

Bowers et al. BMC Genomics  (2015) 16:856 Page 11 of 12

http://genome.jgi.doe.gov/LowBiomassRD/LowBiomassRD.info.html
http://genome.jgi.doe.gov/LowBiomassRD/LowBiomassRD.info.html
dx.doi.org/10.1186/s12864-015-2063-6
http://doi.org/10.1098/rstb.2010.0283
http://doi.org/10.1126/science.1155495
http://doi.org/10.1186/gb-2013-14-2-202
http://doi.org/10.1111/j.1462-2920.2012.02791.x
http://doi.org/10.1111/j.1462-2920.2012.02791.x
http://doi.org/10.1186/1471-2164-14-320
http://doi.org/10.1186/1471-2164-14-320
http://doi.org/10.1021/es402970s
http://doi.org/10.1021/es402970s
http://doi.org/10.1038/ismej.2012.73
http://doi.org/10.1038/ismej.2013.214
http://doi.org/10.1038/ismej.2013.214
http://doi.org/10.1038/nbt0606-657
http://doi.org/10.1186/2042-5783-2-3
http://doi.org/10.1111/j.1462-2920.2006.01005.x
http://doi.org/10.1111/j.1462-2920.2006.01005.x
http://doi.org/10.1186/2049-2618-2-3
http://doi.org/10.1038/nmeth1210-943
http://doi.org/10.1038/nprot.2011.345
http://doi.org/10.1126/science.1229164
http://doi.org/10.1111/1462-2920.12668
http://doi.org/10.1111/1462-2920.12668
http://doi.org/10.1186/gb-2010-11-12-r119
http://doi.org/10.1186/gb-2010-11-12-r119
http://doi.org/10.7717/peerj.425
http://doi.org/10.1186/1471-2164-13-730
http://biorxiv.org/content/early/2014/11/15/011460.abstract
http://biorxiv.org/content/early/2014/11/15/011460.abstract
http://doi.org/10.1101/gr.177881.114
http://doi.org/10.1101/gr.177881.114
http://doi.org/10.1128/AEM.05610-11
http://doi.org/10.1093/nar/gks001
http://biorxiv.org/content/early/2015/05/21/008375.abstract
http://biorxiv.org/content/early/2015/05/21/008375.abstract
http://doi.org/10.1186/gb-2011-12-2-r18
http://doi.org/10.1038/nmeth.1311
http://doi.org/10.1371/journal.pone.0105585
http://doi.org/10.1371/journal.pone.0032942
http://doi.org/10.1371/journal.pone.0110808
http://doi.org/10.1186/s12915-014-0087-z
http://doi.org/10.1186/s12915-014-0087-z
http://doi.org/10.1186/s13059-014-0564-2


32. Boisvert S, Raymond F, Godzaridis E, Laviolette F, Corbeil J. Ray Meta:
scalable de novo metagenome assembly and profiling. Genome Biol.
2012;13(12):R122. http://doi.org/10.1186/gb-2012-13-12-r122.

33. Namiki T, Hachiya T, Tanaka H, Sakakibara Y. MetaVelvet: an extension of
Velvet assembler to de novo metagenome assembly from short sequence
reads. Nucleic Acids Res. 2012;40(20):e155. http://doi.org/10.1093/nar/
gks678.

34. Peng Y, Leung HCM, Yiu SM, Chin FYL. Meta-IDBA: a de Novo assembler for
metagenomic data. Bioinform (Oxf). 2011;27(13):i94–101. http://doi.org/
10.1093/bioinformatics/btr216.

35. Parks DH, Imelfort M, Skennerton CT, Hugenholtz P, Tyson GW. CheckM:
assessing the quality of microbial genomes recovered from isolates, single
cells, and metagenomes. 2015. http://doi.org/10.7287/peerj.preprints.554v2.

36. Minoche AE, Dohm JC, Himmelbauer H. Evaluation of genomic high-
throughput sequencing data generated on Illumina HiSeq and genome
analyzer systems. Genome Biol. 2011;12(11):R112. http://doi.org/10.1186/gb-
2011-12-11-r112.

37. Li R, Zhu H, Ruan J, Qian W, Fang X, Shi Z, et al. De novo assembly of
human genomes with massively parallel short read sequencing. Genome
Res. 2010;20(2):265–72. http://doi.org/10.1101/gr.097261.109.

38. Scholz M, Lo C-C, Chain PSG. Improved assemblies using a source-agnostic
pipeline for MetaGenomic Assembly by Merging (MeGAMerge) of contigs.
Sci Rep. 2014;4:6480. http://doi.org/10.1038/srep06480.

39. Caporaso JG, Kuczynski J, Stombaugh J, Bittinger K, Bushman FD, Costello
EK, et al. QIIME allows analysis of high-throughput community sequencing
data. Nat Methods. 2010;7(5):335–6. http://doi.org/10.1038/nmeth.f.303.

Submit your next manuscript to BioMed Central
and take full advantage of: 

• Convenient online submission

• Thorough peer review

• No space constraints or color figure charges

• Immediate publication on acceptance

• Inclusion in PubMed, CAS, Scopus and Google Scholar

• Research which is freely available for redistribution

Submit your manuscript at 
www.biomedcentral.com/submit

Bowers et al. BMC Genomics  (2015) 16:856 Page 12 of 12

http://doi.org/10.1186/gb-2012-13-12-r122
http://doi.org/10.1093/nar/gks678
http://doi.org/10.1093/nar/gks678
http://doi.org/10.1093/bioinformatics/btr216
http://doi.org/10.1093/bioinformatics/btr216
http://doi.org/10.7287/peerj.preprints.554v2
http://doi.org/10.1186/gb-2011-12-11-r112
http://doi.org/10.1186/gb-2011-12-11-r112
http://doi.org/10.1101/gr.097261.109
http://doi.org/10.1038/srep06480
http://doi.org/10.1038/nmeth.f.303

	Abstract
	Background
	Results
	Conclusions

	Background
	Results
	General library statistics
	Insert size variability
	GC shifts with decreasing input levels
	Read mapping to reference genomes reveals differences between library preparations and input levels
	Sequence signatures demonstrate compositional differences between library types
	Assembly quality varies across library type and input level
	Reference independent binning produces near complete genomes of many of the dominant mock community microbes

	Discussion
	Tagmentation produces variable insert sizes
	Variation in library GC content may be related to increased PCR cycling at the lowest inputs
	Taxonomic assignment of reads to references is minimally biased in the Nextera XT and Mondrian libraries down to picogram levels
	Comparative metagenomics using community based analyses
	Assembly quality varies across library types with potential impact on downstream analyses

	Conclusions
	Methods
	Description of mock community composition
	Library preparation and sequencing
	Library quality control, trimming, read mapping, de novo assembly and binning
	Analysis of communities using k-tuple frequencies
	Statistical analyses

	Availability of supporting data
	Additional file
	Competing interests
	Authors’ contributions
	Acknowledgements
	References



