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In metagenomics, the goal is to analyze the genomic confensample of organisms collected from
a common habitat. One approach is to apply large-scale rargfmtgun sequencing techniques to
obtain a collection of DNA reads from the sample. This dathé compared against databases of
known sequences such as NCBI-nr or NCBI-nt, in an attempdéatify the taxonomical content of
the sample. We introduce a new software called MEGAN (Metad&e ANalyzer) that generates
species pro les from such sequencing data by assigningsremthxa of the NCBI taxonomy using
a straight-forward assignment algorithm. The approacHhustiated by application to a nhumber of
datasets obtained using both sequencing-by-synthesiSanger sequencing technology, including
metagenomic data from a mammoth bone, a portion of the Sarges data set, and several complete
microbial test genomes used for validation proposes.

1. Introduction

Genomicss the study of the genome sequence of individual organiskigst genome
sequences available in databases today were obtained bgéBaequencing”, using a
shotgun approach that involves cloning small inserts of D then determining their
sequence using uorescent dideoxynucleotides for tertiinaand electrophoresis for
measurement The NCBI website \yww.ncbi.nim.nih.gov ) lists hundreds of bac-
terial, tens of archaeal and about one hundred eukaryotiorges as being completely
sequenced, or in the process of being sequenced.

Metagenomicas been de ned as “the genomic analysis of microorganisnuiriect
extraction and cloning of DNA from an assemblage of micraoigms®, and its impor-
tance stems from the fact th@®%or more of all microbes are deemed unculturable. If we
take a genome to be the entire genetic information of a srgianism, then enetagenome
can be de ned as the entire genetic information of an enserbbrganisms, living in a
common habitat. The aim of metagenomics is to understandehetic diversity of a
metagenome, ideally, by identifying the (relative aburwasof) species present. Metage-
nomics promises to lead to the discovery of new genes that hagful applications in
biotechnology and medicif

One main technique in metagenomics is to apply large-sealdaom shotgun sequenc-
ing. A number of recent projects use Sanger sequencing &becdatasets in this way, for
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example, from an acid mine bio IAf, sea-water samplé$, deep sea sediménor soil
and whale falls!. Recently, a new sequencing approach “sequencing-byeyist’ was
published that uses emulsion-based PCR application ofja lenmber of DNA fragments
and high-throughput parallel pyro-sequenéing\ single instrument is able to sequence
25 million bases within four hours, at a lower price, per halsan Sanger-based methods.
Current drawbacks of the method are short read lengthsiiiGbp, in contrastto 80Cbp
using Sanger sequencing, and a higher error rate. Moresmaarencing of pair-ended reads
is not yet possible.

Given present-day technology, obtaining the completeesecgs of all genomes present
in a metagenome is not feasible, even using Sanger seqgeaarpaired-end reads, as the
amount of data required is too large and the assembly protolemif cult. More realistic
goals are to determine the presence or absence of specictespaf interest, or to obtain a
rough overview of the taxa represented in a given metagenome

In this paper we present a straight-forward approach tcettterlproblem. We describe
a strategy for processing DNA reads collected within thenfrawork of a metagenomics
project and provide a new program callRiEEGAN (MEtaGenome ANalyser) that can be
used to explore a metagenomics data set in a taxonomicahdofithe program employs
a combinatorial algorithm, which we call “LCA-assignmenti estimate the taxonomical
content of a metagenome, based on sequence comparisons.

We rstillustrate this approach by application to a seBOP, 692reads obtained from a
sample of mammoth bofgusing the sequencing-by-synthesis approach. We theessidr
the question whether species can be identi ed with con defrom short reads of length
100 Finally, to demonstrate the applicability of the approszidata sets obtained using
other sequencing approaches, we apply it to a subset of thjaS® sea datha

Ease-of-use is a main design criterion of MEGAN. An analysimitiated by simply
opening a BlastX, BlastN or BlastZ le and is then performateractively. For maximum
portability, the program is written in Java and installesslfinux/Unix, MacOS and Win-
dows are freely available for academic use from:
http://www-ab.informatik.uni-tuebingen.de/software/ megan.

2. Processing metagenomic data

The following simple approach to metagenome analysis ip@ay starting point for more
sophisticated strategies (see Figure 1): First, randoetyance a collection of DNA reads
from the given sample. Second, perform Blasbmparisons of the reads against one or
more reference databases, such as NCBI-nr, NCBI-nt, N@2ire, NCBI-env-nt, and
additional genome speci c databases, when appropriatequé&ce comparison is the
main computational bottle neck, which will grow more sergettae sizes of datasets and
databases continue to grow.) Third, analyze the output @éetcomparisons and then
assign individual reads to taxa, including higher-ordgatarinally, for each taxon impli-
cated, evaluate the provided evidence for its presencesiagmple.
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Figure 1. For a given sample of organisms, a randomly selacittection of DNA fragments is sequenced. The
resulting reads are then compared with one or more refedatabases using an appropriate sequence comparison
program such as Blast. The resulting data is processed by ARE® produce an interactive analysis of the
taxonomical content of the sample.

2.1. Analysis of the Mammoth dataset

As an example, we recenflyised a metagenomics approach to analyze the DNA presentin
a sample of one gram of bone taken from a mammoth that wasrpegsi@ permafrost for
27,000 years. The project proceeded in the following stepst, we used the Roche GS20
sequencing technology to randomly collect DNA from the skmbtaining302, 692reads
of mean lengtl®5 base pairs (bp). We will refer to this as theammoth dataset

To identify those reads that come from the mammoth genomeesfermed Blast?
comparisons of genome sequences for elephant, human andddagnloaded from
www.genome.ucsc.edu . As a result of this computation, in the mentioned p&per
we estimate that at leag6:4% of the reads represent mammoth DNA.

We were interested in determining the possible sourceseafaimaining reads, as they
probably represent micro-organisms that were present ahroediately after, the time of
the mammoth's death. To this end, we rst used BlastX to cora@dl reads against the
NCBI-nr (“non-redundant”) protein datab&seThis resulted in a le of sizel:4GB con-
taining2; 911; 587local alignments of reads to sequences in the databasee®0#H692
reads, only62; 179have one or more alignments. We then loaded the results @fl#stX
search into a preliminary version of MEGAN (then called GeedaxonomyBrowséy
and applied the LCA-assignment algorithm to compute argaesént of reads to taxa,
thus obtaining an estimation of the taxonomical contenhefsample.

Here we repeat this analysis, but are slightly more consieevand now employ a
threshold of30 for the bit score of matches, and will discard any isolatesigasnents,
that is, any taxon that has only one read assigned to it. (Weve isolated assignments
to avoid false positive identi cation of taxa due to sequiegeerrors or chance matches.)
The LCA-assignment algorithm assigsy 093reads to taxa angt 086remain unassigned
either because the bit score of their matches fall belowtiteshold or because they give
rise to an isolated match.

A total of 19;841reads are assigned to Eukaryota, of whi¢l969 are assigned to
Gnathostomata (jawed vertebrates) and thus presumably from mammoth genes. Fur-
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ther, a total ofL6; 972reads are assigned to Bactefi&1to Archea and.52to viruses, re-
spectively. These numbers are slightly lower than prewoteported due to our slightly
more conservative settings. MEGAN can be used to summarzeesults at different
levels of the NCBI taxonomy, see Figures 2 and 3.
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Figure 2. High-level summary of a MEGAN analysis of the mantimataset, based on a BlastX comparison
of the 302; 692 reads against the NCBI-nr database. In all gures, eacHecigpresents a taxon in the NCBI
taxonomy and is labeled by its name and the number of reatistbassigned either directly to the taxon, or
indirectly via one of its sub-taxa. The size of the circledalsd logarithmically to represent the number of reads
assigned directly to the taxon.

8Alphaprc!eobauena 1211
Gammaproteobacteria 1129
(O delta/epsilon subdivisions 717
(OBetaproteobacteria 864
Ounclassified Proteobacteria 25

Proteobacteria 5149

~environmental samples 2
°unclassified Bacteria 6
————( Bacteroidetes/Chlorobi group 793
Oplanctomycetes 118
Ospirochaetes 181
———OFirmicutes 871
ODeinococcus-Thermus 63

Bacteria 16972

OFusobacteria 26
©Aquificae 9

Ochloroflexi 80

(O cyanobacteria 277
F———( Actinobacteria 2688
Oenvironmental samples 19

OThermotogae 18
OFibrobacteres/Acidobacteria 150
’7 O Chlamydiae/Verrucomicrobia 50
oot 50003 O (O Archaea 761
iridiplantae 603
2

cellular organisms 46380

OAiveolata 486
Cryptopl 8

214

[————————OAcoelomata 23

313

582

Eukpryota 19841 Bilateria 10586

oCoe\oma(a 10046 ©Urochordata 12

O “—(__leroama7os7— Cephalochordata 3
Fungi/Metazoa group 11525 . o Hyperoartia 2
Vertebrata 7977 ‘—Ocnamosmma‘a 7969
257

‘Deulerosmm\a 9537

b
OFungi 745
D

group 43

Mycetozoa 119

Cercozoa 4

60
other sequences 6
Oviruses 152
(O)Not assigned 2086

JNo hits 250513

Figure 3. A more detailed MEGAN analysis of the mammoth dztas
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2.2. |denti ability of species from short reads

The average read length currently obtainable using RocH20G8quencing technology
is 10(bp. The question arises whether this sequence length isdbaggh to provide
meaningful information on the taxonomical content of a geteome. This can be ad-
dressed by collecting a set of reads from a known genome amdafocessing the data as
a metagenome dataset.

In a rst experiment, we considere2000reads sequenced froB. coli K12 using
Roche GS20 sequencing technology.ERAsoliis widely used in laboratories, this dataset
may potentially give rise to many false positive identi mats, as parts of its sequence
occur by error in a number of different genome sequences.

In Figure 4 we show the resulting MEGAN analysis, based oreat® comparison of
the reads against the NCBI-nr database, using a bit scashbid of35and discarding any
isolated assignments. Of tl2000reads, approximatel®5% (448 have no hits and 16
reads are not assigned. Of the remairlid§6reads, approximateB0%(699) are assigned
to Enterobacteriacegdghus making a correct assignment up to the family level.oftller
reads, except two, are assigned to super taxa, thus prademirect, if increasingly weak,
predictions.

The two false positive assignmentsii@aemophilus somnusppear to be due to false
entries in the NCBI-nr database: one of the assigned reagls lperfect BlastN match
to 16S rRNA sequence iB. coli and the other has a perfect BlastN match to 23S rRNA
sequence iti. coli. On the other hand, the matched sequences represéfdemgophilus
somnusn NCBI-nr are both labeled “hypothetical” proteins.

Gammaproteobacteria 925 Escherichia coli 100 [——©Escherichia coli 0157:H7 4

Proteobacteria 1097
Bacteria 1304 O*O*O Escherichia coli CFT073 19

cellular organisms 1390 -—Q L—Oescherichia coli K12 24
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Figure 4. MEGAN analysis 02000 reads collected frork. coli K12using Roche GS20 sequencing, based on
a BlastX comparison with the NCBI-nr database.

In a second experiment, we consideiD0reads sequenced froBdellovibrio bac-
teriovorus HD100using Roche GS20 sequencing technology. In Figure 5(a) ow #ie
resulting MEGAN analysis, based on a BlastX comparison efréads against the NCBI-
nr database, using a bit score threshol@®and discarding any isolated assignments. Of
the 2000reads, approximatel®0% (397) have no hits an&% (105) are not assigned. Of
the remainingl498reads, approximately0% (1062 are assigned t&dellovibrio bac-
teriovorus HD100 All other reads are assigned to super taxa, thus produadrrgat, if
increasingly weak, predictions. There are no false pasjiredictions.

In Figure 5(b) we show the MEGAN analysis obtained when uaingpy of the NCBI-
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nr database from which all sequences represeBdailovibrio bacteriovorus HD10Bave
been removed. This mimics the case in which reads are obthiom a genome that is not
represented in the database. Of 20800reads, approximate§5% (1361 have no hits and
approximatelyl 5% (272) are not assigned. A small number of false positives occuoup
the level of bacteria.

cellular organisms 1460 Deltaproteobacteria 1079
Proteobacteria 1143 gy iovibrio
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Figure 5. MEGAN analysis d2000 reads collected frorBdellovibrio bacteriovorus HD10Qsing Roche GS20
sequencing technology. (a) Analysis based on a BlastX casggawith NCBI-nr. (b) Similar analysis, but with
all hits to database sequences represerBitgllovibrio bacteriovorus HD10€emoved, mimicking the situation
in which the reads originate from a genome that is not reptedan NCBI-nr.

These two experiments show that the LCA-assignment alguoris quite conservative,
avoiding false positive assignments at the price of prasyquite large numbers of inspe-
ci c assignments. Further, they also indicate that the ganfince of this type of approach
depends heavily on the set of sequences represented ifehenee database. In particular,
if close relatives are missing in the database, then reads &n unknown organism will
give rise to many unassigned reads and possibly some fadstvp@ssignments, as well.

2.3. Analysis of the Sargasso Sea data set

In the Sargasso sea projEgtsamples of sea water were collected and organisms of size
0:1 3:0 mwere extracted to produce a metagenome datasétséparate experiments,
approximatelyl1:9 million reads of average lengt18 bp were collected using Sanger

sequencing.
To explore the application of MEGAN to such data, we downkxhthe rst10; 000
reads fromhttps://research.venterinstitute.org/sargasso/ and ran

BlastX to compare the data against the NCBI-NR databasey Ol (13) of the reads
had no hits. A MEGAN analysis of the data using a bit scoresthoéd of 100 and dis-
carding all isolated assignments, assigned approxim@y(8; 977) to taxa, a majority
of which (6811) were assigned to bacteria. The results are summarizedyurd-6. In-
terestingly, this analysis of a small portion of the Sargas=a dataset is compatible with
the analysis reported by Venteral '3, (althoughFirmicutesare missing, probably due to
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the small size of the sub-sample), and also con rms ndinggt tparts of the data set is
contaminated wittBhewanellandBurkholderi&.
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Figure 6. MEGAN analysis 0f0; 000 reads of Sargasso sea data.

3. Analysis using MEGAN

At startup, MEGAN loads the complete NCBI taxonomy, curkgrdontaining over
280, 000taxa, which can then be interactively explored, using austed tree-navigation
features. However, the main application of MEGAN is to pssceesults les generated by
a comparison of sequencing reads with a database of antsegeiences. The program
parse les generated by BlastX, BlastN or BlastZ, and sakegé¢sults as a series of read-
taxon matches in a program-speci ¢ format. (Additionalggas may be added to process
the results generated by other sequence comparison méthods

The program assigns reads to taxa using the LCA-assignrigarithm (described in
detail below) and then displays the induced taxonomy. Nau#se taxonomy can be col-
lapsed or expanded to produce summaries at different lef/#ie taxonomy. Additionally,
the program provides a Find tool to search for speci ¢ taxd an Inspector tool to view
individual Blast matches (see Figure 7).

The approach uses a number of thresholds. Firshirascorethreshold de nes the
minimum bit score that must be attained by a Blast alignmeithat a read is considered
to matcha given taxon. Second, thenin-supporthreshold speci es how many reads must
be assigned to a speci ¢ taxon, or any taxon below it in thetamy, so that the taxon is
identi ed as present.

The result of the LCA-assignment algorithm is presentedh¢ouser as the partial tax-
onomyT that is induced by the set of taxa that have been identi ed @gure 2). The
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Figure 7. (a) MEGAN provides a Find tool to search for spe¢aga of interest. (b) The result of a search is
highlighted in a detailed summary of the analysis. (c) MEGprvides an Inspector tool to view the individual
sequence comparisons upon which the assignment of a partiead to a particular taxon is based.

program allows the user to explore the results both at a leigdl,|and also a very detailed
level, by providing methods for collapsing and expandirféedent parts ofT . Each node

in T represents a taxdnand can be queried to determine which reads have been adsigne
directly tot, and how many have been assigned to taxa béldvdditionally, the program
allows the user to view the Blast alignments upon which aispassignments is based
(see Figure 7(3)).

4. Assignment of reads to taxa

MEGAN currently uses a simple combinatorial algorithm, efhiwe call “LCA-
assignment”, in association with a number of differentshi@ds, to assign each read to a
taxon at some level of the NCBI taxonomy.

The LCA-assignmenalgorithm operates as follows. Consider a reaand assume
that the Blast computation has established matches to segsieepresenting a set of taxa

t(r) in the NCBI taxonomy. For example, ifmatchesCampylobacter lariHelicobacter
hepaticusandWolinella thenr is assigned to the taxddampylobacteraledf r does not
match any sequence in the given reference database, tha{i9,= ;, thenr is assigned
to the special taxono hits If r cannot be assigned to a taxon for other reasons, e.g. the
read only matches sequences for which the taxon is unknbenr tis assigned to another
special taxorNot assigned

In this way, each read in the dataset is assigned to one or more NCBI taxa, or to one
of either special taxa. If the Blast matches computed favolve only one or a few closely
related species, thenwill be assigned to a taxon near the tips of the taxonomy.nfthe
other handr matches a wider range of taxa, threwill be assigned to a higher-level taxon.
The read may even be assigned to the root of the taxonomy gefjuence is completely
unspeci c.

To implement the LCA-assignment algorithm, we assign arpiaddressa(t) to each
everyt in such away that if taxos is an ancestor of taxon then the address(s) is a
pre x of the address(t). Using this scheme, we can easily determine the lowest cammo
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maximum depth of the taxonomy.

4.1. Under- and over prediction

We say that a read gives rise to ander prediction if it is assigned to a taxon that lies
above the true taxon in the taxonomy. Under prediction happéren a read comes from
a gene that is widely conserved. We say that a read givesaiadalse prediction if it
is assigned to a taxon that is not the true taxon, nor one ahitestors in the taxonomy.
W say that a false prediction is awver prediction if it is caused by the fact that the true
sequence is not represented in the employed databases.

For example, all reads analyzed in Figure 5(a)-(b) come tit@mgenome oBdellovib-
rio bacteriovorus HD100However, there is a substantial amount of under predidtath
in (a) and (b), in particular of the taxdBacterig and a number of cases of over predic-
tion in (b), ranging fromAnaeromyxobacter dehalogenassd Gammaproteobacterito
Leptospira interrogans

As a simple combinatorial method, the LCA-assignment atlgor is susceptible to
both types of errors. We hope to develop a more sophistiegptbach that will not only
take the presence or absence of matches into account, bwtilimmake use of the quality
of the matches and the levels of similarly that are typicabigen genes in given clades of
sequences.

5. Summary

A metagenomics project aims at understanding the taxoradroantent of an ensemble
of organisms. The approach described in this paper is to epgescing techniques to
produce DNA reads, to perform similarity searches in databaf known sequences and
then to analyze and explore the resulting comparison datg ssftware such as MEGAN.

MEGAN is based on a robust algorithm for assigning readsxa &nd is designed as
an easy-to-use exploration tool that quickly produces sarien of the data at different
taxonomical levels. It offers tools to search for speci xdan the data and to inspect
the evidence supporting the presence of any given taxors Sdftware provides a solid
starting point for producing a rst analysis of a metagenonhtaset.
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