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Abstract

Metagenomic libraries represent subsamples of the total DNA found at a study site and offer
unprecedented opportunities to study ecological and functional aspects of microbial communities. To
examine the depth of a community sequencing effort, rarefaction analysis of the ribosomal small sub-
unit (SSU/165/18S) gene in the metagenome is usually performed. The fragmentary, non-overlapping
nature of SSU sequences in metagenomic libraries poses a problem to this analysis, however. We
introduce a software package — Megraft — that grafts SSU fragments onto full-length SSU sequences,
accounting for observed and unobserved variability, for accurate assessment of species richness and

sequencing depth in metagenomics endeavors.

Key words: metagenomics; rarefaction; species richness analysis; pyrosequencing; software; ribosomal

DNA; rDNA; /6S; 18S
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1. Introduction

Metagenomics is the study of the full span of DNA sequences obtained from a given sample, typically
environmental substrates such as soil, seawater, or intestinal mucus (Trevors and Masson, 2010). A
great number of sequences is needed to obtain a representative sample of the metagenome, such that
these efforts typically employ high-throughput next-generation sequencing (NGS) techniques such as
454 pyrosequencing (Margulies et al., 2005). Metagenomic data offer windows on diverse questions
relating to the ecology and functional profiles of the underlying organism community, but two pursuits
are common to most studies: the taxonomic affiliation of the species recovered and whether the
sequencing effort was deep enough to characterize the community with reasonable accuracy. In
environmental sequencing studies, both of these are typically addressed through the ribosomal small
subunit (SSU/165/18S) sequences in the dataset. These are clustered into operational taxonomic units
(OTUs; Blaxter et al., 2005), representative sequences of which are subjected to, e.g., BLAST searches
(Altschul et al., 1997) in the International Nucleotide Sequence Databases (Cochrane et al., 2011) or
other reference databases for taxonomic annotation. The relative abundance of the OTUs can similarly
be used to assess the sampling effort and taxon richness with rarefaction or other mathematically
smoothed species accumulation curves (Unterseher et al., 2011).

This clustering-and-rarefaction approach is not ideal for NGS-derived metagenomes,
however, since the NGS technologies produce sequences of limited length — 300-400 base-pairs (bp.) in
the case of pyrosequencing and the new Ion Torrent release (http://www.iontorrent.com). The SSU
gene, in contrast, is 1,500-2,000 bp. long, such that metagenomes will contain random SSU fragments
from different, disjunct parts of the gene. In these cases, non-overlapping SSU sequence fragments
from the same species will not cluster together but rather form separate OTUs. To inflate datasets with
such artificial OTUs is detrimental to subsequent analyses of sequencing depth and species richness. To
address this problem, we introduce an open source software package — Megraft — that grafts SSU
fragments onto full-length SSU sequences, accounting for observed as well as unobserved sequence
variability. Using published prokaryotic and eukaryotic datasets from environmental sampling efforts
as reference, we show that Megraft enables diversity assessments that are very close to the published
ones and that are markedly better than the corresponding results from as-is clustering-and-rarefaction

approaches.
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2. Materials and Methods

Megraft is written in Perl and released under the GNU-GPL open source software license for UNIX-
type operating systems, including MacOS X and Linux (Supplementary Item 1;
http://microbiology.se/software/megraft/). It expects a query dataset of SSU sequences in the FASTA
format (Pearson and Lipman, 1988), which can be extracted from metagenomes using, e.g., Metaxa
(Bengtsson et al., 2011). The entries are processed sequentially (Fig. 1). Any highly similar query
sequences with a significant overlap as established by Megraft through GramCluster (Russel et al.,
2010) are treated as a single entry during the analysis and are then expanded back into their original
number in the output FASTA file. Drawing from Metaxa (Bengtsson et al., 2011) and V-RevComp
(Hartmann et al., 2011), Megraft uses HMMER version 3 (Eddy, 2011) and the hidden Markov models
(HMMs) of Hartmann et al. (2010) to assess what part of the SSU each query sequence stems from. The
SSU is composed of ten (semi-)conserved regions and eight (eukaryotes) or nine (prokaryotes)
intercalary, hypervariable “V” regions (Hartmann et al., 2010). The HMMs are positioned immediately
upstream and downstream of each V region to allow an accurate view of the position and span of each
query sequence. A local BLAST search is then performed against a bundled copy of the full-length
SSU sequences of the non-redundant SILVA reference database release 108 (Pruesse et al., 2007). The
query and the closest reference sequence are compared for similarity in all shared conserved and
hypervariable regions; the two sequences could, for example, be 99% similar in a conserved region but
only 93% similar in the adjacent V region. Three increasingly sophisticated options are available to the
Megraft user: 1) Proxy mode: The closest BLAST match is used as a proxy for the query sequence; 2)
Insert mode: The closest BLAST match is used as reference. The region in the reference sequence
corresponding to the query sequence is cut out and replaced with the query sequence; and 3) Insert-
differential-introduce mode: As mode 2, with the addition that variation (mutations) is introduced along
the full length of the reference sequence following the Jukes-Cantor model of nucleotide evolution. The
degree of variation introduced is proportional to the distance between the query sequence and the
reference sequence; the more dissimilar the query sequence is with respect to the closest reference
sequence, the more variation introduced into the new sequence. The distribution of conserved and
hypervariable regions across the SSU is taken into account in this process, such that variation is more
likely to be added in hypervariable regions than in conserved regions and at a magnitude proportional
to the distance to the reference sequence of each respective region. With each option, the end product is
a FASTA file of full-length, partly artificial sequences to serve as basis for clustering, sequencing
depth analysis, and assessment of species richness.

We evaluated the software using two different approaches. For the first one we used eight

4
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5
published studies that featured Sanger-derived, long or near-full-length environmental SSU sequences,
clustering, and rarefaction/species richness analysis (Table 1). Six of these studied prokaryotic, and two
eukaryotic, microbial communities from diverse habitats such as forest soil, human gut, and a
spacecraft assembly facility. The number of sequences in the datasets ranged from 198 to 3,834
(average: 1,423). To simulate the SSU component of pyrosequencing/Ion Torrent-derived
metagenomes, a random continuous 350 bp. stretch of each SSU sequence in each published dataset
was selected to form eight new datasets. These “daughter datasets” were identical to their published
“mother dataset” in all regards except for the sequence length (Supplementary Item 2). The daughter
datasets were run through Megraft using all three modes. Each pair of mother dataset and publication
was examined for clustering settings, and GramCluster was tweaked to mimic the clustering conditions
used by the respective original authors. The same settings were then used to cluster the respective
daughter datasets as processed by Megraft in all three modes. The resulting lists of OTUs and their
relative abundance were used for richness analysis with mathematically smoothed accumulation curves
as described by Unterseher et al. (2011; Supplementary Item 3). For comparison, the raw daughter
datasets — not processed by Megraft — were used to mimic the conventional clustering-and-rarefaction
approach as applied on raw metagenome sequences. We similarly ran all mother datasets through the
rarefaction process to verify that we could reproduce the rarefaction results of the underlying published
studies. As a second approach to evaluate the performance of Megraft, we employed a simulated
metagenome of 100,000 sequences of 350 bp. random nucleotide data generated through the EMBOSS
6.2.0 suite (Rice et al., 2000). A total of 1,522 full-length archaeal, bacterial, and eukaryote SSU
sequences, forming 227 OTUs of different sizes, were downloaded from SILVA and subjected to
clustering and rarefaction. A random 350 bp. stretch of each sequence was then chosen and added to
the simulated metagenome. We used Metaxa 1.1 to identify and extract the SSU fragments from the
metagenome. The extracted fragments were then subjected to clustering and rarefaction in four

configurations: unprocessed as well as run through the three modes of Megraft.
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3. Results and Discussion

The rarefaction results of the six prokaryote studies are shown in Fig. 2, with the results from the two
eukaryotic studies given in Supplementary Item 3. Using the unaltered mother datasets, we were able to
recapture the chief species richness results of all studies, which were used as baseline for further
comparison. We found the consistently least accurate rarefaction approach for metagenomics datasets
to be the one based on the unprocessed daughter datasets; in both eukaryote datasets, and in four of the
six prokaryote datasets, the corresponding curve was higher by approximately a factor of two (Fig. 2;
Supplementary Item 3). At the other end of the spectrum, the most sophisticated mode of Megraft —
Insert-differential-introduce — was found to be the best approximation of the original authors’ analysis
in six of the eight datasets. In five of these, it was very close to, or nearly indistinguishable from, the
published one (Supplementary Item 3). At its worst, the Insert-differential-introduce mode
underestimated the diversity by a factor of 1.5 in the eukaryotic dataset of Wu et al. (2009). The two
remaining modes of Megraft produced increasingly better results along a progression from the least
sophisticated one — Proxy mode — to the semi-advanced Insert mode. A similar observation was made
for the SSU fragments extracted from the simulated metagenome: the three Megraft modes gave rise to
rarefaction curves hovering very closely around the results from the full-length dataset, whereas the
unprocessed 350 bp. dataset gave rise to dramatic overestimations of the underlying diversity
(Supplementary Item 4). These observations jointly suggest that it is crucial to account for both the
fragmentary nature of metagenomic SSU sequences and for the amount of variation not directly
observed in those sequences for lack of long enough sequence reads. Even so, Megraft should be seen
as an improvement over existing approaches rather than as a panacea for pyrosequencing
metagenomics rarefaction. Only in one of the eight datasets (Sunagawa et al., 2010) did Megraft
produce results that were all but identical to the published data. Megraft will perform better the richer
the database of reference sequences, such that suboptimal performance can be expected for datasets
with a large proportion of previously unsequenced lineages. The eukaryote SSU reference datasets
available lag behind the prokaryotic ones in terms of taxon and sequence sampling (cf. Pruesse et al.,
2007), suggesting that Megraft may perform better on prokaryote datasets. Indeed, this may explain the
somewhat larger deviation found for the eukaryotic dataset of Wu et al. (2009).

Megraft relies on HMMs that were tailored over conserved segments to the 5* and 3’ ends
of each of the hypervariable V regions of the SSU. There is little room for additional robust HMMs
along the SSU, since the remaining non-hypervariable regions are less well conserved and thus not very
suitable for robust HMM construction (Hartmann et al., 2010). This means that Megraft handles SSU
fragments down to about 200 bp. in length; sequences shorter than that could, at least in theory, fit
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between two HMMs, thus escaping detection as SSU sequences. For this reason, Megraft is not
expected to do a robust job with Illumina sequences, which at present typically are shorter than 200 bp.
This also means that Megraft works equally well for all sequencing technologies that produce
sequences of 200 bp. or longer, including pyrosequencing, Ion Torrent, and regular Sanger sequencing.
Similarly, although metagenomics represents the most obvious field of application for Megraft, it could
equally well be used in, e.g., amplicon- and data mining-oriented efforts. Megraft shares some
similarities with EMIRGE (Miller et al., 2011), which is a powerful iterative software package for
reconstruction of full-length ribosomal genes from paired-end Illumina sequences. However, EMIRGE
is not oriented towards rarefaction and does not readily process sequences from sequencing
technologies other than Illumina. Megraft, in contrast, has a strong focus on rarefaction, and it is
tailored for sequences longer than ~200 bp. These observations place EMIRGE and Megraft alongside
one another in that they seek to solve a roughly similar problem, but for different sequencing
technologies.

Sequence quality control is a crucial element in NGS-based efforts; failure to account for
incorrect or substandard sequences may have far-reaching negative ramifications for the downstream
results. In particular, the pyrosequencing technology struggles with base-calling in regions rich in
homopolymers, often giving rise to a range of artificial sequences differing only in these regions (Huse
et al., 2007; Balzer et al., 2011). Programs for denoising NGS datasets are readily available for
amplicon-based efforts (Quince et al., 2011) as well as for genome-centered studies (Ilie et al., 2011;
Salmela & Schroder, 2011). Such datasets typically contain large or very large numbers of sequences
from the same gene or region. Here, sequence templates as well as deviations from those templates can
be established, and the latter can be compared and corrected according to the former. Metagenomes
tend to be more challenging to denoise due to the potentially very low number of sequences
representing each marker, and regular denoising software can typically not be used for metagenomes.
Progress in sequence preprocessing, filtering, and read-score trimming has recently been made and
released as free software (Schmieder & Edwards, 2011), however, offering some degree of sequence
quality control also for metagenomes. Sequence quality control measures should be undertaken before
running Megraft. We nevertheless offer a level of sequence quality control in that Megraft features a
clustering step to average out minor differences among sequences. We use GramCluster for this step, a
program written with NGS datasets in mind to be robust against sequencing errors (Russell et al.,
2010). For instance, overlapping sequences that only differ in homopolymer-rich regions are very
likely to be considered as representing a single OTU in the clustering step, providing some degree of

protecting against overestimation of diversity due to technical artefacts.
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About 250 MB of free computer memory is needed to run Megraft. It took 31 minutes to
run the 3,843-sequence dataset of Eckburg et al. (2005) on a four-core 2.3 GHz Linux machine through
the full Megraft pipeline (including the HMMER and BLAST steps; Figure 1); the same dataset took
280 minutes to process on a legacy one-core 2.0 GHz MacBook Pro. The time of execution of Megraft
has a roughly linear relationship with the number of query (SSU) sequences, such that a doubling of the
number of SSU sequences will double the runtime. The clustering step will however lead to shorter
runtimes for datasets with two or more overlapping, conspecific sequences in that only one sequence in
each cluster produced will be run through the BLAST step. In conclusion, we present an open source
software tool to facilitate the analysis of sequencing depth and subsequent assessment of species
richness based on the ribosomal SSU gene sequences in metagenomic datasets. The software produces
artificial sequences that should not be used for other purposes than analyses of the rarefaction type, but
using the sequences for precisely that will give rise to far more accurate views of the underlying
sequencing depth and species richness than any comparable attempt with the raw SSU fragments

retrieved directly from the metagenome in question.
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Figure Legends
Figure 1. Schematic overview of the Megraft execution process. Rectangles represent operations done
by Megraft. The input file is shown at the top, and the output file is indicated at the bottom. Remaining
tilted rectangles represent data items used by Megraft. Dashed lines indicate use of data from a

previous analysis step.

Figure 2. Rarefaction results of the six prokaryote studies used to evaluate Megraft. In each subfigure,
the black dotted line indicates a 1:1 relationship between the number of sequences and OTUs. The
black solid line indicates the results of the rarefaction of the original, full-length SSU sequences. The
orange line indicates the rarefaction results of clustering of the 350-bp. fragments without any
regrafting or other use of Megraft. The green, red, and blue dotted lines indicate the rarefaction
performance of the three increasingly sophisticated Megraft modes Proxy, Insert, and Insert-

differential-introduce, respectively.

13
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Table 1. Summary of the eight reference studies used to evaluate the performance of Megratft.

Study Sample name #seq Sequencing SSU coverage #0TUs Domain Locality/substrate Country
in study strategy
Durso et al., 2010 Animal 2 2,084 bidirectional near-complete 16S 416 Prokaryote Bovine gut USA
Eckburg et al., 2005 Subject C 3,834 bidirectional near-complete 16S 206 Prokaryote Human distal gut USA
Jangid et al., 2011 CF 538 single run ~800 bp. 16S 272 Prokaryote Forest soil USA
Mohamed et al., 2011 Freshwater 370 single run ~700 bp. 18S 80 Eukaryote Freshwater marsh USA
Shivaji et al., 2011 P4S 198 bidirectional ~1000 bp 16S 44 Prokaryote Himalayan glacier India
Sunagawa et al., 2010 SGUS 943  bidirectional near-complete 16S 178 Prokaryote Caribbean coral Panama
Vaishampayan et al., 2010 PHX-A 777  bidirectional near-complete 16S 100 Prokaryote Spacecraft assembly facility USA
Wu et al., 2009 TK 2,641 unidirectional 519 bp. 18S 305 Eukaryote Alaskan tundra USA
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336  Supplementary Items
337  Supplementary Item 1. The software package together with its documentation and a test dataset. In
338  addition, the user will have to install NCBI-BLAST, HMMER, and GramCluster; detailed installation
339  instructions are provided in the documentation.
340  [For review purposes, this file is available at
341  http://microbiology.se/publ/megraft/Supplementary Item 1.pdf]
342
343  Supplementary Item 2. The daughter datasets generated from the original eight published datasets.
344  The sequences are given in the FASTA format. Each sequence is a randomly chosen continuous 350
345  bp. stretch of the original, published sequence.
346  [For review purposes, this file is available at
347  http://microbiology.se/publ/megraft/Supplementary Item 2.tar.gz]
348
349  Supplementary Item 3. Rarefaction results from the six prokaryotic, and two eukaryotic, reference
350  studies. Annotated R code to compute species accumulation curves and estimators of species richness
351  from the Megraft-data with the R 'vegan' package.
352  [For review purposes, this file is available at
353  http://microbiology.se/publ/megraft/Supplementary Item 3.tar.gz]
354
355  Supplementary Item 4. Input and output files and data items from the analysis of the simulated
356 metagenome. The SSU component of the metagenome is provided, but the sizable metagenome itself is
357  not. It can be found at http://microbiology.se/publ/megraft/simulated metagenome.tar.gz
358  [For review purposes, this file is available at

359  http://microbiology.se/publ/megraft/Supplementary Item 4.tar.gz]



