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Abstract: Diagnostic assays for pathogen detection are critical components of public-health monitoring efforts. In view
of the limitations of methods that target specific agents, new approaches are required for the identification of novel, modified or ‘unsuspected’ pathogens in public-health monitoring schemes. Metagenomic approach is an attractive possibility
for rapid identification of these pathogens. The analysis of metagenomic libraries requires fast computation and appropriate algorithms to characterize sequences. In this paper, we compared the computational efficiency of different bioinformatic pipelines ad hoc established, based on de novo assembly of pathogen genomes, using a data set generated with a
454 genome sequencer from respiratory samples of patients with diagnosis of 2009 pandemic influenza A (H1N1). The
results indicate high computational efficiency of the different bioinformatic pipelines, reducing the number of alignments
respect to the identification based on the alignment of individual reads. The resulting computational time, added to the
processing/sequencing time, is well compatible with diagnostic needs. The pipelines here described are useful in the unbiased analysis of clinical samples from patients with infectious diseases that may be relevant not only for the rapid identification but also for the extensive genetic characterization of viral pathogens without the need of culture amplification.
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INTRODUCTION
The trends in clinical diagnosis show gradual substitution
of traditional methods with novel molecular biology technologies. In particular, advancement of sequencing technologies has disclosed unprecedented opportunities in many
application areas. Metagenomics can be considered as an
improved pathogen detection method, since it is based on a
sequence-independent approach that does not rely on predefined target genome sequences; in addition, it can be applied to non cultivable organisms. The success of this approach, especially when applied to clinical samples, relies
upon the advancement in bioinformatic methods [1]. Computational handling of the large amount of sequence data generated in a high-throughput sequencing run is an area of necessary research focus. The analysis of libraries requires fast
computation and the right algorithms to characterize sequences; the majority of programs utilized so far to assemble
metagenomic data have the limitation to rely on programs
originally developed to assemble single genomes, which
contain less complexity and generally have large sequence
coverage [2]. On the contrary, microbial genomes are
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generally represented in a biological sample as a minute fraction of all the nucleic acid sequences, and may show genetic
variability. We have addressed this question developing a
bioinformatic pipeline, analyzing data obtained from a previous study and testing the pipeline in a defined biological
context. We have already used ultra deep pyrosequencing
(UDPS) to detect and characterize 2009 pandemic influenza
A (H1N1) virus directly from nasopharyngeal swabs [3].
Identification of the H1N1 strain is of crucial importance
because of its ability to escape drug treatment and initiate
drug resistance [4-8]. The bioinformatic approach described
in the previous study was based on the categorization of each
read, obtained through an alignment search against a predefined series of influenza virus nucleotide and protein databases at NCBI, so it relied on a non- purely metagenomic
approach.
In this paper, we have created and analyzed different bioinformatic pipelines based on the de novo assembly of
pathogen genomes. We have compared their computational
efficiency, underlining the improvements over the previous
procedure [3] in terms of time per analysis and computational efficiency, using a data set previously generated with
454 genome sequencer, from patients with diagnosis of 2009
pandemic influenza A (H1N1).
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MATERIAL AND METHODOLOGY
The key point of the bioinformatics procedure described
in this paper is the de novo assembly of reads into contigs
using the Overlap Layout Consensus (OLC) algorithm, as
implemented in Newbler, a software specifically designed
for assembling sequence data generated by the 454 GS-series
of pyrosequencing, and CAP3 [9]. In the OLC algorithm, the
relationships among the reads provided to an assembler can
be represented as a graph, where the nodes represent each of
the reads and an edge connects two nodes if the corresponding reads overlap. The assembly problem thus becomes the
problem of identifying a path through the graph that contains
all the nodes (Hamiltonian path). This formulation allows
researchers to use techniques developed in the field of graph
theory in order to solve the assembly problem.
After the quality trimming of the reads [11,12] an assembler following this paradigm starts with an overlap stage
during which all overlaps between the reads are computed
and the graph structure is computed. In a layout stage, the
graph is simplified by removing redundant information.
Graph algorithms are then used to determine a layout (relative placement) of the reads along the genome. In a final
consensus stage, the assembler builds an alignment of all the
reads covering the genome and infers, as a consensus of the
aligned reads, the original sequence of the genome being
assembled [10].
The data submitted to the OLC softwares had been generated by pyrosequencing (454/Roche GS FLX platform) of
nasopharyngeal fluids from two patients positive for 2009
pandemic influenza A (H1N1), already analyzed by our
group [3].
The flowchart describing the bioinformatic pipelines is
shown in (Fig. 1). The starting dataset consisted of the reads
obtained after the filtering of the PCR primers. When the
primer sequence position in the read was central, the read
split into two parts and the sequence primer was eliminated
[6, 7]. The new starting datasets were so made up of 186,011
reads for patient 1 (viral load 2x107 cp/ml) ranging in size
from 50 to 491 (average length: 210) bp and 291,934 reads
for patient 2 (viral load 2x105 cp/ml) ranging in size from 50
to 550 (average length: 221) bp.
After this step, there were two non-conditional branches,
indicated with the letters A/B and C/D that have produced
four different paths (AC; AD; BC; BD). In the first branch
(path A), the reads were directly assembled with Newbler,
while in the second branch (path B) the reads were first
aligned against a database constructed with all mammalian
sequences, downloaded from NCBI, and filtered using these
cut-offs: identity >85%; overlap >70%; and E-value <10-5. In
this case, the new dataset, resulting from the removal of all
the reads related to the human host, was then assembled with
Newbler. The assembly of reads in each dataset was implemented using overlapping cut-off of 50 bp with 90% identity.
The contigs generated through paths A and B underwent
path C or D. In path C, the output of Newbler, including assembled contigs and singletons (reads not assembled into
contigs), was directly evaluated, without any additional
elaboration. In path D, the output of Newbler was used as
input for a second assembly with CAP3.

Fig. (1). Flowchart describing the various data analyses steps. In
path A the reads were directly assembled with Newbler, while in
path B the reads were aligned against a database with all mammalian sequences (NCBI), and filtered with the following cut-offs :
identity >85%; overlap >70%; E-value <10-5). The contigs generated through paths A and B underwent path C or D. In path C the
output of Newbler was directly evaluated; in path D the output of
Newbler was used as input for a second assembly made with CAP3.

RESULTS
The assembly results for all the four bioinformatic pipelines are reported in (Table 1). Comparing AD vs. AC and
BD vs. BC, it can be inferred that the second assembly carried out with CAP3 on the contigs and singletons coming
from Newbler analysis (path D) produces an increase in the
number of contigs and a consequent significant decrease in
the number of singletons for both patients. Comparing AC
vs. BC and AD vs. BD, the number of contigs always decreases, as expected, due to the filtering on mammalian reads
carried out before the assembly. No specific trend is observed for the average and maximum length of the contigs
according to the different path combinations. The contigs
obtained by the four pipelines have been aligned on the
NCBI nucleotide database (BLAST analysis), to identify and
characterize the microorganisms contained in the nasopharyngeal swab sample. The MEGAN taxon trees [13] relative to the bioinformatic pipeline AC and AD are shown in
(Fig. 2). The figure shows that the assembly of the original
dataset, carried out with Newbler, is able to unambiguously
identify the dominant pathogen species (influenza A virus),
also in the case of patient 2, characterized by a lower viral
load as compared to patient 1 (7X105 IU/ml vs. 2X107IU/ml)
and by the presence of reads coming from other pathogens
(i.e. bacteria). In addition, from the BLAST analysis the best
hit for all the contigs was 2009 pandemic influenza A
(H1N1) (A/California/07/2009 strain) in both samples, providing univocal identification of the main pathogen present
in these clinical samples.
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Assembly Results of Patient 1 (A) and Patient 2 (B) Using the Different Bioinformatic Pipelines (See Fig. 1).

A)
Bioinformatic pipelines
AC

AD

BC

BD

Number of contigs

3342

9619

2447

4077

Average length

271 bp

282 bp

272 bp

282 bp

Longest contig

2138 bp

2138 bp

2056 bp

2056 bp

Number of singletons

58261

37383

21771

12882

B)
Bioinformatic pipelines
AC

AD

BC

BD

Number of contigs

1230

4418

711

2849

Average length

250 bp

257 bp

252 bp

247 bp

Longest contig

2126 bp

2126 bp

2126 bp

2375 bp

Number of singletons

41753

31621

25436

17606

Fig. (2). Phylogenetic trees. The data coming from the AC and AD paths, described in figure 1, were analyzed by MEGAN to generate
phylogenetic trees incorporating all taxa to which the contigs were assigned. The size of each circular node is proportional to the percentage
of assignments at the taxonomic level.
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In order to carry out a better comparison of the four assembly pipelines, only the contigs aligned against the H1N1
virus have been evaluated in terms of number of reads in
contigs, percentage of identity and percentage of genome
covered by all the contigs [14]. Moreover the number of
reads present in these contigs but not aligning with influenza
A virus (chimeric reads) has been considered. The results
from patient 1 and patient 2 are shown in Table 2 (A and B,
respectively).
As reported in Table 2B, for patient 2 the paths AD and
BD, where the second assembly with CAP3 has been carried
out, are convenient when the aim of the analysis is the reconstruction of the pathogen genome after its identification. In
fact, only after the application of the second assembly with
CAP3 it is possible to identify four additional contigs, that
bring the percentage of the 2009 pandemic influenza A
(H1N1) virus genome covered up to 16%, maintaining the
accuracy of the reconstruction, since no chimeric reads are
contained in these additional contigs (Table 2B). On the
other hand, comparing paths BC and BD to paths AC and
AD, respectively, indicates that the addition of the step of
mammalian reads filtering does not produce any improvement in the assembly statistics.
For patient 1 (Table 2A), the second assembly with
CAP3 (path AD) produces an increase (from 22 to 42) in the
number of H1N1 contigs as compared to path AC. However
such an increase produces just a 2% increase of the genome
coverage, since the new contigs have a lower percentage of
identity as compared to path AC (95-100% versus 98-100%).
Table 2.
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Moreover, one of the new contigs is chimeric. A similar
trend is also observed for the path BD where the number of
contigs increases up to 52 when compared to the 21 observed
in BC but the coverage only increases by 5%.
DISCUSSION AND CONCLUSION
The field of bioinformatics for metagenomics is very dynamic and new programs are continuously created to analyze
the NGS-generated data. The challenge, mainly when the
studies are aimed at the identification of a new viral species,
is the setup of bioinformatic procedures able to produce fast
and accurate identification of the pathogen(s).
In this study, we have used biological samples from patients with known diagnosis of infection with 2009 pandemic
influenza A (H1N1), to validate a bioinformatic pipeline that
should be used also for the investigation of diseases of unknown etiology. The results indicate that de-novo assembly
is a key step for a unique identification of the pathogenic
organism with a reasonable computation time.
In detail, our time of analysis ranges from a minimum of
24 hours for path AC to a maximum of 48 hours for path AD
(Fig. 1), greatly reducing the number of alignments (from
hundreds of thousands to thousands) and the relative time
necessary for an identification based on the alignment of
individual reads (3). This computational time, added to the
processing/sequencing time, is compatible with the diagnostic needs, allowing to obtain a complete and accurate picture
of the pathogen(s) present in the sample within a few days
overall. However, a limitation concerns the fact that, due to

Characteristics of the Contigs Belonging to the 2009 Pandemic Influenza A H1N1 Virus Obtained from the Assembly of
the Reads for Patient 1 (A) and Patient 2 (B), Assembled Using the Different Bioinformatic Pipelines (See Fig. 1)

A)
Bioinformatic pipelines
AC

AD

BC

BD

Number of contigs

22

42

21

52

Number of reads in contigs

77296

79005

73161

75645

Identity (%)

98-100

95-100

98-100

95-100

Genome Covered (%)

87

89

85

90

Chimeric contigs (number of chimeric reads)

2
(52)

3
(70)

3
(111)

3
(124)

B)
Bioinformatic pipelines
AC

AD

BC

BD

Number of contigs

2

6

2

6

Number of reads in contigs

153

173

153

173

Identity (%)

99-100

99-100

99-100

99-100

Genome Covered (%)

6

16

6

16

Chimeric contigs (number of chimeric reads)

0
(0)

0
(0)

0
(0)

0
(0)
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not uniform coverage of the different regions of the genome,
the approach cannot provide a uniform reliability of the reconstructed sequence.
As far as the reconstruction of the full genome of the
pathogenic organism is concerned, the use of CAP3 on the
output of Newbler (paths AD and BD) is strongly recommended since it improves the percentage of the reconstructed
virus genome, maintaining the accuracy of the assembly. In
detail, in both cases the number of chimeric reads is less than
1% of the total number of the reads inserted into the virusspecific contigs.
Application of the mammalian filter does not bring a significant improvement in the quality of reads to be assembled,
while it greatly increases the time required to achieve the
final assembly.
In conclusion, the pipelines here described may represent
efficient tools for the unbiased analysis of clinical samples
also from patients with unknown infectious diseases that
may be relevant not only for the identification, but also for
the extensive genetic characterization of viral pathogens
without the need of culture amplification. This is particularly
relevant for influenza viruses, where rapid characterization
of new reassortants may have public health implications in
respect of the treat represented by the appearance of new
strains with pandemic potential. Finally, application of the
pipeline to several patients affected by different diseases will
also permit to gather the necessary statistics to propose possible optimizations of the procedure.
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