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Abstract
Rapid and reliable identification of bacterial pathogens directly from patient
samples is required for optimizing antimicrobial therapy. Although Sanger
sequencing of the 16S ribosomal RNA (rRNA) gene is used as a molecular
method, species identification and discrimination is not always achievable for
bacteria as their 16S rRNA genes have sometimes high sequence homology.
Recently, next generation sequencing (NGS) of the 16S–23S rRNA encoding
region has been proposed for reliable identification of pathogens directly from
patient samples. However, data analysis is laborious and time-consuming and
a database for the complete 16S–23S rRNA encoding region is not available.
Therefore, a better, faster, and stronger approach is needed for NGS data
analysis of the 16S–23S rRNA encoding region. We compared speed and
diagnostic accuracy of different data analysis approaches: de novo assembly
followed by Basic Local Alignment Search Tool (BLAST), operational
taxonomic unit (OTU) clustering, or mapping using an in-house developed
16S–23S rRNA encoding region database for the identification of bacterial
species. De novo assembly followed by BLAST using the in-house database was
superior to the other methods, resulting in the shortest turnaround time (2 h
and 5 min), approximately 2 h less than OTU clustering and 4.5 h less than
mapping, and a sensitivity of 80%. Mapping was the slowest and most
laborious data analysis approach with a sensitivity of 60%, whereas OTU
clustering was the least laborious approach with 70% sensitivity. Although the
in-house database requires more sequence entries to improve the sensitivity,
the combination of de novo assembly and BLAST currently appears to be the
optimal approach for data analysis.
Keywords: clinical microbiology, diagnostics, next-generation sequencing,
metagenomics, OTU clustering, mapping, de novo assembly, antimicrobial
stewardship

Introduction
Clinical microbiology strives to improve patient care by rapidly identifying and
characterizing microbial pathogens in patient samples to establish a correct
diagnosis and to ensure optimal treatment and infection prevention. The
conventional culture has long been considered the gold standard for bacterial
identification. However it can take days to weeks to successfully culture
bacteria, as some clinically relevant bacteria are slow-growing, difficult to
grow, fastidious or sometimes even non-culturable (Didelot et al., 2012;
Salipante et al., 2013). As a complementary approach to culture, sequencing of
the 16S rRNA gene has emerged as an accurate and faster method widely used
for bacterial identification (Petti, 2007; Srinivasan et al., 2015). The 16S rRNA
gene, ~1.5 kilobase (kb) in length, has proven to be a useful molecular target
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since it is present in all bacteria, either as a single copy or in multiple copies,
and it is highly conserved over time within a species (Petti, 2007; Sabat et al.,
2017). However, this method does not always allow to identify bacteria to the
species level due to high sequence similarities between some species
(Deurenberg et al., 2017). For example, species of the Streptococcus mitis
group, including Streptococcus pneumoniae, are almost indistinguishable from
each other on the basis of their 16S rRNA genes, having 99% to 100% sequence
similarities (Lal et al., 2011; Petti, 2007). This method also fails to distinguish
certain species, as described for Escherichia coli and Shigella spp. the 16S rRNA
genes of which share >99% sequence identity (Devanga Ragupathi et al., 2017).
Furthermore, Sanger sequencing, which is generally used for 16S rRNA gene
sequencing, is challenging in complex, polymicrobial samples (Deurenberg et
al., 2017). With the continuous advancements in sequencing technology over
the past decade, next-generation sequencing (NGS) offers several advantages
over Sanger sequencing, including a higher resolution and accuracy in
identifying microbial pathogens (MacCannell, 2016; Motro and Moran-Gilad,
2017). Moreover, this technology allows culture-independent testing from
complex polymicrobial samples to detect and identify several pathogens in
parallel (Rossen et al., 2018). A diagnostic method based on NGS of PCR
amplification products of the 16S-23S rRNA encoding region (~4.5 kb) has been
developed (Benítez-Páez and Sanz, 2017; Kerkhof et al., 2017), showing a higher
resolution and a reduced time to results for bacterial identification compared
to other identification methods (e.g. 16S rRNA gene Sanger sequencing) (Sabat
et al., 2017). However, this method had some limitations, including the absence
of an extensive 16S-23S rRNA encoding region database and the lack of
complementary software allowing easy and reliable species identification
(Sabat et al., 2017).
Operational Taxonomic Unit (OTU) clustering is a widely used tool to identify
the bacterial composition of a sample based on the 16S rRNA gene sequencing.
De novo assembly followed by BLASTN or mapping, on the other hand, are
commonly used for the analysis of whole genome sequencing data. De novo
assembly followed by BLASTN on the NCBI database has been described as the
main tool used for the bacterial identification from clinical samples based on
NGS of the 16S-23S rRNA encoding region (Sabat et al., 2017). In a later study,
where Nanopore sequencing of the 16S-23S rRNA encoding region was
performed, a mapping based approach was used to analyze the data (Cusco et
al., 2018). However, so far it is unclear which method is more accurate and/or
faster. Therefore, we have performed the data analysis of 16S-23S rRNA
encoding region using the tools for 16S rRNA gene sequencing and whole
genome sequencing to find out the most appropriate tool in terms of diagnostic
accuracy and speed. We first evaluated different sequencing protocols for NGS
of the 16S-23S rRNA encoding region and subsequently tested the speed and
diagnostic accuracy of three different 16S-23S rRNA encoding region NGS data
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analyses, de novo assembly followed by BLASTN, mapping and OTU clustering
for the correct assignment of bacterial species directly from clinical samples.
In order to accomplish this objective, we used culture and 16S rRNA gene
Sanger sequencing as gold standard.

Materials and Methods
Samples
Twenty heart valve tissues and eight fluid clinical samples (five fluids from
sonicated valve tissues, three pus and liquor) presented to the medical
microbiology laboratory for routine diagnostics (culturing and 16S Sanger
sequencing) were in parallel tested by the 16S–23S rRNA encoding region NGS
approach. The samples used for the present analyses were collected during
routine diagnostics. All procedures were carried out according to guidelines
and regulations of University Medical Center Groningen (UMCG) concerning
the use of patient materials for the validation of clinical methods, which follow
the guidelines of the Federation of Dutch Medical Scientific Societies (FDMSS).
Every patient entering the UMCG is informed that samples taken may be used
for research and publication purposes, unless they indicate that they do not
agree to it. This procedure has been approved by the Medical Ethical
Committee of the UMCG. All samples were used after performing and
completing conventional microbiological diagnostics and were coded to
protect patient confidentiality.
In addition, a mock community sample, i.e., the ZymoBIOMICSTM Microbial
Community DNA Standard (Zymo Research, Irvine, CA, United States), was
used for NGS of the 16S–23S rRNA encoding region. The mock community
consisted of the following eight bacterial species: Bacillus subtilis,
Enterococcus faecalis, Escherichia coli, Lactobacillus fermentum, Listeria
monocytogenes, Pseudomonas aeruginosa, Salmonella enterica, Staphylococcus
aureus.

Culturing
Samples were cultured on 5% sheep blood agar (BA), chocolate agar (CHOC),
Fastidious Broth (FB) and/or Brucella blood agar (BBA) plates (Mediaproducts
BV, Groningen, Netherlands). The BA and CHOC agar plates were aerobically
(with 5% CO2) at 35°C, and BBA and FB agar plates were anaerobically
incubated at 35°C up to 9 days. When growth was recorded, the identification
was done by matrix-assisted laser desorption ionization time-of-flight mass
spectrometer (MALDI-TOF MS) (Bruker, Billerica, MA, United States).
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DNA Extraction from Clinical Samples
The DNA from tissues and fluid samples was extracted and purified using the
DNeasy Blood and Tissue Kit (Qiagen, Hilden, Germany) for 16S rDNA
sequencing and the PureLinkTM Genomic DNA Mini Kit (Thermo Fisher,
Bleiswijk, Netherlands) for 16S–23S rRNA encoding region NGS, according to
the manufacturers’ protocols.

Sanger Sequencing of the 16S rRNA Gene
Extracted DNA from the clinical samples was amplified by PCR using 16S rRNA
gene targeting primers 8F (5′-TGGAGAGTTTGATCCTGGCTCAG-3′) and 515R
(5′-TACCGCGGCTGCTGCTGGCAC-3′) (Biolegio, Nijmegen, Netherlands).
PCR was performed on the T100 Thermal Cycler (Bio-Rad) with the following
conditions: initial incubation for 15 min at 95°C followed by 35 cycles of 15 s at
94°C, 15 s at 60°C, 30 s at 72°C with a final incubation for 10 min at 72°C. In the
following, DNA sequencing was performed with an automated DNA sequencer
(ABI 3130XL; Applied Biosystems Instrument, Carlsbad, CA, United States)
using the BigDye Terminator v3.1 cycle sequencing kit. The sequencing data
was analyzed using SeqMan Pro v10.0.1 (DNASTAR, Madison, WI, United
States) by assembling the forward and reverse reads into a consensus sequence.
Subsequently, the consensus sequences were aligned in the GenBank database
using the web-based basic local alignment tool (BLAST).

Next-Generation Sequencing of the 16S–23S rRNA Encoding
Region
Extracted DNA from the clinical samples and of the mock community sample
was quantified using Qubit® 2.0 Fluorometer (ThermoFisher, Bleiswijk, The
Netherlands) by following the manufacturer’s instructions. PCR amplification
of the 16S-23S rRNA encoding region was performed using the forward primer
27F (5′-AGAGTTTGATCMTGGCTCAG-3′), targeting the 16S rRNA gene and
the reverse primer 2490R (5′-GACATCGAGGTGCCAAAC-3′) (Applied
Biosystems UK, Renfrewshire, United Kingdom) targeting the 23S rRNA gene,
for extracted DNA samples as well as for the negative control, which consisted
of only RNA- and DNA-free water, and for the positive control (containing
DNA from Delftia lacustris, DSMZ 21246). The amplification was carried out as
previously described (Sabat et al., 2017), with the following minor
modifications: for the reaction mixture, 200 μM nucleotide mix dNTPs (Roche
Diagnostics, Almere, The Netherlands) was used and 35 cycles consisting of
incubation at 98°C for 30 seconds, followed by incubation at 70°C for 30
seconds and at 72°C for 2 minutes. PCR products were analyzed using the
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Agilent D500 ScreenTape kit (Agilent Technologies Netherlands B.V.,
Amstelveen, The Netherlands) according to manufacturer’s protocol using the
2200 TapeStation System (Agilent Technologies). Subsequently, PCR products
were purified and quantified and NGS libraries were prepared using the
Nextera XT DNA Library Preparation Kit (Illumina, San Diego, CA, US). Next,
each library was normalized, pooled and loaded onto the Illumina MiSeq
platform for paired-end sequencing. For the evaluation of three different
sequencing protocols, firstly 11 of the clinical samples were paired-end
sequenced using either a 300-cycles MiSeq Reagent Kit V2 (300_v2) (Illumina),
a 500-cycles MiSeq Reagent Kit V2 (500_v2) (Illumina) or a 600-cycles MiSeq
Reagent Kit V3 (600_v3) (Illumina). After determining the optimal protocol,
which was the 300_v2, the other clinical samples were sequenced using the
300_v2 sequencing kit (Illumina).

16S–23S rRNA Encoding Region Database
For the creation of the 16S-23S rRNA encoding region sequence database,
sequences of a minimum of 2 strains per bacterial species were used. Sequences
of each strain were obtained as a FASTA file from the NCBI genome website
(https://www.ncbi.nlm.nih.gov/genome/) by using the chromosome
coordinates on the chromosome NCBI Reference Sequence. If no chromosome
NCBI Reference Sequence was available, the whole-genome sequences of the
corresponding species were taken as a GenBank file and annotated on the
Rapid
Annotation
Subsystem
Technology
(RAST)
server
(http://rast.nmpdr.org). After annotation, the 16S-23S rRNA encoding region
coordinates were used to download the FASTA file from the NCBI genome
website. All obtained 16S-23S rRNA encoding region sequences were
concatenated into one multiple FASTA file using command line on Mac OS X,
a Unix based operating system.
To expand the database, 16S-23S rRNA encoding region sequences presented
in a recently published study (Benítez-Páez and Sanz, 2017) were downloaded
and merged using a scripting language, Python (version 3.6.2) to generate our
final taxonomy and mapping database. For this, duplicate sequences were
filtered out from our FASTA file containing multiple 16S-23S rRNA encoding
region sequences (mff) (n=176 bacterial species) by comparing it to the FASTA
file of 16S-23S rRNA encoding region sequences (ss) obtained from the
previously published database (Benítez-Páez and Sanz, 2017) (n=2339 bacterial
species) and a multiple FASTA file with unique sequences was created. The
published database was also curated in order to remove entries that did not
contain a bacterial species/genus or contained taxonomic errors and remove
entries that had the wrong length (e.g. length size > 10,000 and < 2,500). Then,
two files i) the taxonomy dump file (ftp://ftp.ncbi.nih.gov/pub/taxonomy/,
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accessed
on
20-09-2017)
and
ii)
the
lineage
file
(https://github.com/zyxue/ncbitax2lin/, accessed on 20-09-2017) were used to
get the lineage (taxonomy) for specific bacteria. Subsequently, the mapping
database was created using the merged taxonomy text file and its
corresponding sequencing multiple FASTA file. The database contained 23,439
sequences from 2389 species (295 sequences were not identified at the species
level, and could represent new species) and 896 genera. The sequencing and
taxonomy databases were annotated using the “Set up Amplicon-Based
Reference Database” tool from the CLC Microbial Genomics Module (version
3.0). These were annotated to a similarity percentage of 99%, creating an OTU
database compatible for OTU clustering.

Data Analysis of the 16S–23S rRNA Encoding Region NGS
The FASTQ files containing the sequencing reads were analyzed using the CLC
Genomics Workbench version 11.0 (Qiagen) (see Table S1describing the
parameters used for data analysis). First, the paired-end reads were trimmed
with 0.05 (corresponding to a Phred quality score Q ³14) quality scores. We
also performed adapter trimming using the Nextera XT adapters as references.

De novo Assembly and BLAST
In the de novo assembly using CLC Genomics Workbench, contiguous
sequences are generated through de Bruijn graph algorithms (Ekblom and
Wolf, 2014). After de novo assembly, the generated contigs are assigned a
taxonomic classification by alignment using the nucleotide Basic Local
Alignment Search Tool (BLASTN) against the nucleotide collection database
(NCBI database).
Following quality trimming, trimmed paired end reads were de novo assembled
into contigs (https://figshare.com/s/729b346eda670e9daba4). The contigs
with a total read count of >1,000 reads were chosen and were aligned to i) the
nucleotide collection database on NCBI, using the web-based nucleotide
BLAST and ii) an in-house developed 16S-23S rRNA encoding region database
for bacterial identification.
i)

The alignment on NCBI was manually performed by submitting
contigs’
sequences
via
the
website
(https://blast.ncbi.nlm.nih.gov/Blast.cgi). According to the similarity
score defined previously (Sabat et al., 2017), bacteria could be assigned
to a species or genus when the similarity score was ≥99% and between
90%-99%, respectively. An identity score of <90% was interpreted as
an unidentified microorganism. Furthermore, the contigs aligned on
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the NCBI database were filtered by setting the Expect value (E) to 0,
and by excluding pathogens found in the negative control. If more than
one contig was generated for the same species, the reads of all contigs
belonging to the same species were added up and the relative
abundance of that particular bacterial species in each sample was
calculated by dividing the total read count of the corresponding
contigs by the total number of reads in the sample.
ii)

For the alignment using the local nucleotide database, the in-house
developed 16S-23S rRNA encoding region database was uploaded to
CLC Genomics Workbench. Then the BLAST analysis was performed
for the contigs with a total read count of >1,000 reads. Further analysis
of the results was performed as stated above.

The data for the evaluation of the three different sequencing protocols was
analyzed using only the de novo assembly approach followed by a BLAST using
the NCBI database. To assess the optimum sequencing workflow for bacterial
identification, the sequencing results of the three different paired-end
sequencing chemistries were evaluated based on time to result, and bacterial
species identified, considering their abundance and identity level (similarity
score ≥99% or <99%).

OTU Clustering
OTU clustering groups the reads into Operational Taxonomic Units (OTUs),
which consist of representative sequences of pseudo-species, based on
sequence similarities and assigns taxonomy to them (OTU Clustering Step by
Step, 2017).
The reads after trimming were analyzed using the CLC Microbial Genomics
Module (version 3.0) for OTU clustering. Reference based OTU clustering was
performed using an in-house developed 16S-23S rRNA encoding region
database with a similarity score of 99%, closed reference OTU picking was
selected and, the minimum occurrences was set to 10. Further analysis was
done manually by aggregating all the generated OTU's by their species name
and by excluding the results found in the negative control from clinical
samples. Then, the percentage of the total abundance was calculated by
dividing the combined abundance of the species with the total reads in OTU's.

Mapping to an In-House Developed 16S–23S rRNA Encoding
Region Database
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The mapping consists of aligning reads to reference sequences based on a
predefined length and similarity fraction (CLC Genomics Workbench USER
MANUAL, 2017).
Trimmed reads were analyzed using the Map Reads to Reference tool with the
default settings (similarity fraction 0.8; length fraction 0.5; minimum
consensus length 200 bp) by aligning the reads against the in-house developed
16S-23S rRNA encoding region database. After alignment, the results were
filtered based on total number of reads >1,000. Further analysis was done
manually by excluding the species found in the negative control and then by
aggregating each reference sequence to its species’ name. Afterwards, the
proportion of mapped reads was calculated by summing up the total read
count for each species and dividing it by the total of mapped reads of the given
sample.

Statistical Analysis
During the data analysis, the species found in the negative control were
excluded from the clinical samples in all three approaches, and were
considered as potential contaminating species. Then a cut-off value was
determined for each method to define whether the bacterial species identified
should be accounted as infectious causing pathogens (e.g. Cutibacterium
acnes) or as contamination. For each method, the cut-off value was determined
by calculating the mean (µ) and standard deviation (SD) of the proportion of
reads belonging to each species in samples which were negative by both
culturing and Sanger sequencing using the confidence interval method (Singh,
2006). The results of the three data analysis approaches were compared based
on the number of the species identified, the relative abundance (number of
reads for a specific species), and time to result.
Statistical analysis was performed for all three data analysis approaches using
the software package SPSS version 23 (IBM Corporation, New York, United
States of America) in which sensitivity and specificity of each approaches was
determined.

Results
Evaluation of Three Different Sequencing Protocols
All sequencing protocols showed similar identification results at the species
level. The proportion of reads corresponding to bacteria identified at the genus
level and at the species level is shown in Figure 1. The remaining non-identified
reads are belonged to other taxonomies (mainly human). The proportion of
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reads identified at the genus level was 91%, 95% and 96%, and at the species
level 39%, 38% and 37% for the 600_v3 kit, 500_v2 kit and 300_v2 kit,
respectively (Figure 1). Despite the slightly lower proportion of reads identified
at the species level, the 300_v2 kit identified the infection causing pathogen in
all samples also identified using the other two sequencing kits. The main
differences between sequencing kits were due to differences in the detection
of contaminating species. On the other hand, compared to the 300_v2 kit (24
hours) sequencing with the 600_v3 kit (56 hours) took at least two times
longer. Taking everything into account, sequencing using the 300_v2 kit was
chosen as the sequencing protocol for the rest of the following samples.

Figure 1. Proportion of reads corresponding to bacteria identified at the genus level and at the species level
using three different sequencing protocols.

Data Analysis of All Clinical Samples
The processing of the sequencing reads obtained by the 16S-23S rRNA encoding
region NGS method is illustrated in Figure 2. After removing the low-quality
nucleotides by trimming, an average of 1,367,822 reads (99.9%) remained for
analysis. Subsequent data analysis using the three different approaches shown
in Figure 2 identified bacterial species in the negative control (Table S2), and
these species were considered to be contaminating species. If these species
were found in clinical samples, they were excluded from further analysis unless
they were above the cut-off level defined for each tool (Tables S2-S4 and Tables
1-2). From this point on, the samples identified with clinically relevant bacteria
using either 16S Sanger sequencing or culturing were named conventional
positive samples and those identified by using NGS of the 16S-23S rRNA
encoding region were named NGS positive samples.
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Figure 2. The workflow used for processing of the NGS data.

Bacterial Identification on NCBI Database and Local 16S-23S
rRNA Encoding Region Database Using BLAST Analysis
Bacterial identification results obtained by BLASTN analysis using both NCBI
database and the local database are shown in Table 1. The same bacteria were
identified at the genus and species level in all samples with two exceptions in
samples 18 and 26. In sample 18, the contig with 454 bp (Table S2) was
identified as Herbaspirillum sp. using the NCBI database and was matching the
partial sequence of the 16S rRNA gene with a similarity score of 96.47%,
whereas the same contig was identified as Bordetella sp. (96% similarity score)
using the local database. Likewise, in sample 26, the contig with 623 bp (Table
S2) was assigned as Undibacterium oligocarboniphilum in the NCBI database,
could not be identified in the local database. The bacterial species in most of
the samples were found with a slightly higher similarity score in the local
database than in the NCBI database. We concluded that the local database was
accurate enough to identify and distinguish clinically relevant species.
Moreover, the time to complete the analysis of 30 samples was about 3 hours
more with BLAST on the NCBI database than the BLASTN on the local
database (Table 1). Therefore, the other two approaches (OTU clustering and
mapping) were performed using the local database.
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Table 1. Comparison of BLAST analysis results for NGS positive samples using the local
database and the NCBI database.
BLAST on Local Database
Sample

% of reads
against
contig

BLAST on NCBI Database

Species

%
Identity

Species

%
Identity

1#

0.5%

Cutibacterium acnes

100%

Cutibacterium acnes

100%

2#

0.4%

Cutibacterium acnes

100%

Cutibacterium acnes

100%

0.4%

Cutibacterium acnes

100%

Cutibacterium acnes

98%

10#

0.7%

Enterococcus faecium

100%

Enterococcus faecium

100%

11#

0.4%

Cutibacterium acnes

100%

Cutibacterium acnes

99%

15##

0.4%

Cutibacterium sp.

93%

Cutibacterium sp.

93%

17

#

18#

0.7%

Cutibacterium acnes

100%

Cutibacterium acnes

99%

95.8%

Streptococcus sp.

100%

Streptococcus sp.

99%

0.32%

Bordetella sp.

96%

-

-

20##

74.3%

Ureaplasma parvum

100%

Ureaplasma parvum

100%

21##

61.1%

Ureaplasma parvum

100%

Ureaplasma parvum

99%

88.9%

Streptococcus dysgalactiae

100%

Streptococcus dysgalactiae

100%

80.2%

Streptococcus sanguinis

100%

Streptococcus sanguinis

99%
100%

25

#

26#

27##

Time*

2.0%

-

-

Undibacterium
oligocarboniphilum

10.0%

Actinotignum sp.

97%

Actinotignum sp.

97%

6.2%

Aerococcus urinae

100%

Aerococcus urinae

99%

1.4%

Actinotignum schaalii

99%

Actinotignum schaalii

99%

1.0%

Cutibacterium acnes

99%

Cutibacterium sp.

96%

CLC
Analysis

~ 1 hour 20 minutes

~ 1 hour 20 minutes

Hands on

~ 45 minutes

~ 4 hours

~ 2 hours 5 minutes

~ 5 hours 20 minutes

Total

*Analysis time is for all 30 samples (including positive and negative control); # Tissue sample; ## Fluid sample;
Cutibacterium acnes had been formerly referred to as Propionibacterium acnes.

Conventional Methods Versus 16S–23S rRNA Encoding
Region NGS
Table 2 shows the bacterial identification results obtained by conventional
methods (culture and 16S rRNA gene Sanger sequencing) and by 16S-23S rRNA
encoding region NGS. The conventional methods identified bacterial species
in 12 out of 28 samples. Among them, 2 samples (samples 2 and 33) were
positive only by culturing and 9 samples (samples 10, 17, 18, 20, 21, 24, 25, 26
and 27) were positive only by 16S rDNA Sanger sequencing. The 16S-23S rRNA
encoding region NGS method identified the same bacteria in 42% (5/12) of the
conventional positive samples, at the species level (samples 18, 20, 21, 25 and
27) and 1 sample at the genus level (sample 26) using the 3 data analysis
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approaches (Table 2). A C. acnes strain identified by conventional methods in
sample 24 could not be detected by 16S-23S rRNA encoding region NGS using
any of the bioinformatics tools. Also, Tropheryma whipplei could not be
identified in samples 10 and 17 using the 16S-23S rRNA encoding region NGS
method. By comparing the primers with the 16S-23S rRNA encoding region
sequences of this species, we realized the primers did not align with the target
region. Therefore, these 2 samples were excluded from further statistical
analysis.
The de novo assembly and subsequent BLASTN analysis on the local database
identified clinically relevant bacteria in 10 out of 26 samples with a sensitivity
and specificity of 80% and 88%, respectively (Table 3) in comparison to
conventional methods. The same bacteria were identified at species level in 5
(samples 18, 20, 21, 25, 27) out of 10 NGS positive samples and at genus level in
1 sample (sample 26) between Sanger sequencing and 16S-23S rRNA encoding
region NGS. Apart from them, de novo assembly and following BLASTN
analysis identified low abundant C. acnes in sample 1 as it was detected by
culturing (Table 2). This approach identified C. acnes in sample 2, in which
Staphylococcus saccharolyticus was detected by culturing. However, by doing
further analysis, we found that in a subsequent sample taken from the same
patient, C. acnes was identified. Furthermore, BLAST analysis of 16S-23S rRNA
encoding region NGS identified additional bacterial species in samples 18 and
27.
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Negative
Negative
Enterococcus faecium(0.7%)
Cutibacterium acnes(0.4%)
Cutibacterium acnes(0.4%)
Cutibacterium sp.(0.4%)
Cutibacterium acnes(0.7%)
Streptococcus sp.(95.8%)
Bordetella sp.(0.32%)

2#

3#
6##

20##

18#

11#
15##
17#

Ureaplasma parvum(74.3%)

Cutibacterium acnes(0.4%)

Sample
Number
1#

10#

De novo assembly+BLAST
(cut-off: 0.3%)
Bacteria
(relative abundance, %)
Cutibacterium acnes(0.5%)

Negative
Negative
Negative
Streptococcus sp.(52.4%)
Streptococcus pneumoniae(9.2%)
Streptococcus australis(8.4%)
Streptococcus mitis(7.7%)
Streptococcus suis(6.1%)
Streptococcus
parasanguinis(5.4%)
Streptococcus agalactiae(3.0%)
Streptococcus anginosus(2.5%)
Streptococcus ictaluri(2.1%)
Streptococcus cristatus(1.6%)
Streptococcus intermedius(1.2%)
Ureaplasma parvum(79.8%)
Ureaplasma urealyticum(16.6%)

Negative
Variovorax paradoxus(0.3%)
Enterococcus faecium(1.9%)

Cutibacterium acnes(0.3%)

Ureaplasma parvum(69.1%)
Ureaplasma urealyticum(8.5%)

Negative
Negative
Negative
Streptococcus sp.(48.1%)
Streptococcus australis(15.1%)

Gemella sp.(0.5%)
Negative
Negative

Negative

NGS of 16S-23S rRNA encoding region
OTU Clustering
Mapping
(cut-off: 0.2%)
(cut-off: 0.4%)
Bacteria
Bacteria
(relative abundance, %)
(relative abundance, %)
Negative
Negative

Ureaplasma parvum

Negative
Negative
Tropheryma whipplei
Streptococcus sp.

Negative
Negative
Tropheryma whipplei

Negative

Streptococcus sp.

Bacteria

Negative

Negative
Negative
Negative
Negative

(Continued)

Cutibacterium acnes+<1
Staphylococcus
saccharolyticus¥
Negative
Negative
Negative

Bacteria

Conventional Methods
16S rRNA gene
Culturing
Sanger Sequencing

Table 2. Bacterial species identified by NGS of 16S-23S rRNA encoding region using three different data analysis approaches and 16S
rRNA gene Sanger sequencing and culturing.
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Actinotignum schaalii(1.4%)
Actinotignum sp.(10.0%)
Aerococcus urinae(6.2%)
Cutibacterium acnes(1.0%)

Streptococcus sanguinis(80.2%)

Negative
Negative
Streptococcus
dysgalactiae(88.9%)

Ureaplasma parvum(61.1%)

Streptococcus parasanguinis(3.6%)
Streptococcus agalactiae(2.6%)
Streptococcus pneumoniae(1.6%)
Streptococcus constellatus(0.8%)
Streptococcus gordonii(0.4%)
Actinotignum schaalii(17.5%)
Aerococcus urinae(13.9%)

Streptococcus cristatus(3.8%)

Streptococcus sanguinis(75.9%)
Streptococcus anginosus(8.6%)

Streptococcus pyogenes(7.7%)
Streptococcus agalactiae(6.5%)

Streptococcus dysgalactiae(85.3%)

Ureaplasma parvum(78.9%)
Ureaplasma urealyticum(15.9%)
Negative
Negative

Ureaplasma parvum(60.6%)
Ureaplasma urealyticum(8.0%)
Negative
Negative
Streptococcus
dysgalactiae(81.4%)
Streptococcus pyogenes(6.6%)
Streptococcus canis(1.5%)
Streptococcus suis(0.8%)
Streptococcus ictaluri(0.5%)
Streptococcus sanguinis(65.8%)
Streptococcus gordonii(1.9%)
Streptococcus
parasanguinis(1.1%)
Streptococcus sp.(1.0%)
Streptococcus anginosus(0.9%)
Streptococcus constellatus(0.9%)
Streptococcus cristatus(0.9%)
Streptococcus infantis(0.5%)
Actinotignum schaalii(14.2%)
Aerococcus urinae(7.4%)
Actinotignum schaalii

Streptococcus mitis

Negative
Cutibacterium acnes
Streptococcus
dysgalactiae

Ureaplasma parvum

Negative

Negative

Negative

Cutibacterium acnes << 1
Negative

Negative

Time*

CLC
~ 1 hour 20 minutes
~ 3 hours
~ 2 hours 30 minutes
Analysis
Hands on ~ 45 minutes
~ 1 hour
~ 4 hours
Total
~ 2 hours 5 minutes
~ 4 hours
~ 6 hours 30 minutes
* Analysis time is for all 30 samples (including positive and negative control) using a i7-6700 CPU @ 3.40 GHz, 32 GB RAM, 64—bit operating system computer; ¥ In later analysis,
Cutibacterium acnes was identified; # Tissue sample (heart valve); ## Fluid sample; Cutibacterium acnes had been formerly referred to as Propionibacterium acnes.

27##

26

#

25#

23#
24#

21##

Table 2. (Continued).
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The OTU clustering approach detected bacterial species in 8 out of 26 clinical
samples (Table 2) with a sensitivity of 70% and a specificity of 94% compared
to conventional methods (Table 3). In sample 6, OTU clustering identified a
low abundant (0.3%) Variovorax paradoxus, a species that was not detected by
the other two approaches and by conventional methods. Additionally, there
were more, closely related bacterial species, identified in six of the NGS positive
samples using the OTU clustering method.
A total of 7 samples were positive using the mapping approach (Table 2). The
sensitivity and specificity of the approach were 60% and 94%, respectively
(Table 3). As mentioned above, bacteria identified in 5 of the samples (samples
18, 20, 21, 25, 27) coincided with the results of conventional methods at the
species level and in 1 sample (sample 26), at the genus level. On the other hand,
sample 3 was identified as Gemella sp. with an abundance of 0.5% using the
mapping approach while it was negative using conventional methods.
Table 3. Sensitivity and specificity for all 3 data analysis approaches*.
Sensitivity (% [95% CI])

Specificity (% [95% CI])

De novo assembly +
BLAST

80 (44.4-97.5)

88 (61.6-98.5)

OTU clustering

70 (34.7-93.3)

94 (69.8-99.8)

Mapping

60 (26.2-87.8)

94 (69.8-99.8)

*Statistical analysis performed using 26 clinical samples.
Abbreviations: CI, confidence interval.

Comparison of Three Approaches
The 16S-23S rRNA encoding region NGS data analysis results using the 3
different approaches are presented in Table 2 for NGS positive samples, and in
Tables S2-S4 for all samples. In 6 NGS positive samples, the same species was
identified as the most abundant one with all 3 data analysis approaches.
Different from BLASTN analysis, the OTU clustering and mapping approaches
exhibited poor discrimination power in identifying closely related species in 5
of those NGS positive samples (samples 18, 20, 21, 25, 26) (Table 2). On the
other hand, only de novo assembly and BLASTN analysis could identify low
abundant C. acnes in samples 1, 2, 10, 11, 15 and 17 where, OTU clustering
identified C. acnes only in sample 2. Furthermore, de novo assembly and
BLASTN analysis showed higher positive rate (80% vs. 60-70%) in bacterial
identification compared to the other 2 approaches (Table 3).
The time to complete the analysis for de novo assembly and BLAST using the
local database was about 2 hours for all 30 samples (including positive and
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negative control) while it took around 4 hours including 1 hour of hands-ontime for the OTU clustering and about 6 hours and 30 minutes including 4
hours of hands-on-time for mapping.
All the species present in the mock community sample were identified by both
the OTU clustering and de novo assembly and BLAST approaches, whereas
mapping did not identify 2 of the bacterial species (Table S5). In addition, the
OTU clustering and de novo assembly and BLAST approaches identified one
more bacterial genus/species (Fusobacterium sp. and Bacillus
amyloliquefaciens, respectively), which are not present in the mock
community. Mapping identified several additional species that were not
present in the mock community sample (Table S5).

Discussion
Until now, the main tool used for bacterial identification based on NGS of the
16S-23S rRNA encoding region was de novo assembly followed by BLASTN on
NCBI database (Sabat et al., 2017), however there was no evidence that it would
be the most accurate and/or fastest method available. The de novo assembly
and BLASTN is the only approach of the three that works at the contig level,
and both the OTU clustering and mapping are performed at the read level.
Using the NCBI database for these two last approaches would have resulted in
odd results, since the NCBI database includes sequences that do not belong to
the 16S-23S rRNA encoding region, but that due to the small read length, would
have homology with our reads and would have resulted in the creation of
bizarre OTUs and mapping results. The OTU clustering and mapping
approaches are usually used when a database containing the sequences of
interest are known, hence the need for the creation of a 16S-ITS-23S rDNA
database. Therefore, in this study, we first assessed the use of an in-house
developed and curated 16S-23S rRNA encoding region database for the NGS
data analysis compared to the NCBI database. Secondly, we compared three
different NGS data analysis approaches, de novo assembly and BLAST, OTU
clustering, and mapping in terms of their capacity to accurately and efficiently
identify bacterial species using the in-house developed 16S-23S rRNA encoding
region database. The results show that the de novo assembly and subsequent
BLASTN analysis using the in-house developed database was the superior
approach to obtain results faster compared to the other two. Additionally, the
16S-23S rRNA encoding region NGS-based method was superior in
distinguishing bacterial species and in the identification of additional species
per sample, not detected by conventional methods.
The initial evaluation study of the sequencing protocols demonstrated the
potential use of a shorter read length sequencing kit compared to the longer
ones. Even though the number of sequencing reads generated was lower with
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the 300-cycles kit than the 600-cycles kit, it provided a similar resolution at the
bacterial species identification level as the other two kits, with the advantage
of being much faster. The use of a faster sequencing workflow may improve the
implementation of the appropriate antimicrobial therapy by providing a faster
diagnostic answer. Therefore, this approach was chosen for the sequencing of
the following samples.
The data analysis of the mock community sample (Table S5) showed that the
mapping approach was much less sensitive and specific than the other 2 data
analysis approaches. The lower specificity might be explained by the nature of
the mapping approach, which allows for a lower degree of homology (80%
similarity in at least 50% coverage). This could be improved by changing to
more stringent analysis parameters, however, this would have affected the
sensitivity of a method that already underperformed, as two species could not
be identified. The OTU clustering and de novo assembly followed by BLAST
approaches performed the species identification with the same accuracy.
During the analysis, the main challenge was the presence of contaminating
species. All species detected in the negative controls (Tables S2-S4) have been
previously described as contaminants of sequencing-based analysis stemming
from DNA extraction kits and other laboratory reagents (Salter et al., 2014).
These species were highly abundant in samples with low abundant infectious
microorganisms and in negative samples, whereas they were identified in
relative lower abundancy in true positive samples (conventional positive
samples). This suggests that highly abundant contaminants might be masking
low abundant infectious microorganisms in some samples. C. acnes was found
in the majority of samples in low abundancy, especially when using the de novo
assembly and BLAST approach (samples 1,2,10,11,15,17). In addition to being a
common bacterium of the human skin and a contaminant from laboratory
reagents or the environment (Mollerup et al., 2016; Salter et al., 2014), C. acnes
has been also described as a cause of infective endocarditis (IE) (Sohail et al.,
2009), and prosthetic joint infections (Zeller et al., 2007). Most of our samples
(n=25) were from patients with a diagnosis of IE established by an expert panel,
taking into consideration all information available, and therefore, we did not
immediately filter out the C. acnes from the clinical samples, in order not to
disregard this pathogen as a cause of infection. Instead, we defined cut-off
values to distinguish contaminants introduced during sample handling from
an infectious microorganism. Only C. acnes found in abundancies above the
calculated cut-off level were included, while others below the cut-off level were
discarded. Yet, like in our study, we would like to highlight that these results
should be interpreted in light of other clinical data available.
Another challenge of 16S-23S rRNA encoding region NGS data analysis was the
absence of a database specific for the 16S-23S rRNA encoding region. By
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creating an in-house developed database, we aimed to overcome the bias of
data analysis introduced by using the public 16S rRNA gene databases. On the
other hand, the database should be as complete as possible to identify all
relevant bacterial pathogens. For this reason, we compared the sequences
present in our database with the emerging infectious diseases and pathogens
in the Netherlands published by the Dutch National Institute for Public Health
and the Environment (RIVM) (de Gier et al., 2017) and emerging diseases and
pathogens published by the National Institute of Allergy and Infectious
Diseases (NIAID) in the United States of America (NIAID Emerging Infectious
Diseases/Pathogens | NIH: National Institute of Allergy and Infectious
Diseases) (see Table S6). This demonstrated that our database contains
pathogens that are common in the Netherlands, while as for pathogens that
are common in the United States of America, some species are missing (e.g.
Rickettsia prowazekii, Anaplasma phagocytophilum, Borrelia miyamotoi,
Ehrlichia chaffeensis and Ehrlichia ewingii). We also looked at the number of
occurrences (£20) per species found in the database and compared it with the
NCBI genome database to see how many genome assemblies were available for
a specific species. This revealed that many species with few occurrences in our
local database also had few genome assemblies available. The NCBI genome
database provides completely sequenced genomes and also sequences that are
incomplete, and these can be at the contig-, scaffold- or chromosome-level
(Kitts et al., 2016). This has the disadvantage of not always being possible to
find a 16S-23S rRNA encoding region amplicon due to incomplete sequencing
assemblies available. On the other hand, some species had many genome
assemblies available which means that more 16S-23S rRNA encoding region
sequences can still be added to the database, despite the considerable number
of sequences (23,439 entries) already present. As new species are identified,
especially from anaerobes, more and more sequences need to be added and
updated, as well. Also, the same species might have different number of 16S23S rRNA encoding regions and different ITS sequences, hence the database
should be broad enough to represent different strains of the same species. A
comparison of the in-house developed local database to the NCBI database
revealed that the BLASTN analysis on the local database was at least as accurate
as the BLASTN analysis on the NCBI database in identifying bacterial species
despite the differences in identification for sample 18 and 26, which
demonstrated a technical challenge and an interpretation challenge for de novo
assembly and BLAST. With de novo assembly, the contigs generated are
sometimes too short (< 1kb) and only include part of the 16S or 23S rRNA genes.
In sample 18, the contig with 454 bp was identified as Herbaspirillum sp. using
the NCBI database and was matching the partial sequence of the 16S rRNA gene
with a similarity score of 96.47%. In the same analysis, second and third hit
matching the same contig was Massilla sp. and Bordetella sp. with a similarity
score of 96.25% and 96.03%, respectively. As Herbaspirillum sp. is a potential
contaminant (Salter et al., 2014), and its association to human infection has not
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been described so far, we discarded it in our analysis. On the other hand, the
same contig was identified as Bordetella sp. (96% similarity score) using the
local database and this species could be a potential pathogen. The limitation
of our local database is that we do not have as much sequences as NCBI has,
since our local database contains only entire sequences of the 16S-23S rRNA
encoding region whereas the NCBI database contains also partial sequences of
the 16S rRNA or 23 rRNA regions. This explains the difference between the two
methods, since the closest reference in our database was the Bordetella sp.
which was only identified as 3rd hit in NCBI. However, one cannot discard the
potential presence of this species in the sample, since the similarity scores were
very similar (all around 96%). Furthermore, mapping approach also identified
Bordetella species but with a very low abundance, below the cut-off value and
OTU clustering did not identify Bordetella species at all. To confirm the
presence of the pathogen, one should use another methodology e.g., Bordetella
specific PCR. In sample 26, an additional species Undibacterium
oligocarboniphilum, which has been described as a common contaminant of
DNA extraction kits and other laboratory reagents (Salter et al., 2014), could
not be identified as the local database was lacking the corresponding 16S-23S
rRNA encoding region sequences for this species. Thus, this gap has no
negative clinical consequences.
Conventional microbial diagnostic methods of culturing and 16S rRNA gene
Sanger sequencing were used as reference to evaluate the results of all three
approaches and differences between them. In this analysis, the 16S rRNA gene
Sanger sequencing identified sample 26 as Streptococcus mitis although the
16S-23S rRNA encoding region NGS identified this sample as Streptococcus
sanguinis in all three data analysis approaches. S. sanguinis belongs to the
“mitis group” of the Streptococcus genus (Jensen et al., 2016). Based on the 16S
rRNA gene, species of the S. mitis group display considerable sequence
similarity making it difficult to distinguish them from each other (Jensen et al.,
2016; Lal et al., 2011). Since the 16S-23S rRNA encoding region provides higher
sequence variability, this approach exhibited higher resolution in
distinguishing species having high sequence similarities on their 16S rRNA
gene. Furthermore, mapping and OTU clustering not only identified the S.
sanguinis as the most abundant species yet also other Streptococcus spp. (Table
2). This suggests that the OTU clustering and mapping approaches were less
discriminative at the species level compared to the de novo assembly and
BLAST approach. Whilst chimeric assemblies can be created when more than
one species of a certain genus is present in one sample (as in sample 26).
However, there is still no objective way to overcome this problem. One way
would be to do supervised assemblies, however that would require previous
information about the taxonomic content of the sample and it would still not
completely overcome the problem if two species are highly similar. On the
other hand, the OTU clustering approach overcome the limitation introduced
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by the lack of well-characterized reference sequences at the species level. Given
that OTU clustering does not require prior information of a reference
taxonomy to cluster query sequences into OTUs, it is particularly advantageous
to analyze less well characterized microbes (Chen et al., 2013).
The mapping approach identified the low abundant Gemella sp. in sample 3
while OTU clustering, de novo assembly and conventional methods did not.
Gemella sp. are facultative human bacterial pathogens, causing fatal infections
related to IE both in pediatric and adult individuals (Jayananda et al., 2017;
Purcell et al., 2001; Yang and Tsai, 2014). As sample 3 is a tissue sample taken
from a patient suspected of having IE, it seems reasonable to find the Gemella
sp. in this sample. However, it should be considered that the default similarity
and length fraction parameters defined to assign a read to a specific species
were 0.8 and 0.5, respectively, meaning that at least 50% of the alignment had
at least 80% sequence similarity. These default parameters were much more
flexible than the ones defined for BLASTN and OTU clustering, in which the
reads were assigned to a specific species only with a similarity score of 99%.
This might be the reason why the Gemella sp. identified by mapping could not
be detected by the OTU clustering nor the de novo assembly. However,
changing the similarity score for the last two approaches would have resulted
in lower specificity, which is not desirable either.
Besides Gemella sp., there are other bacterial species known to cause IE,
namely Staphylococcus spp., Streptococcus spp., and Enterococcus spp., which
are considered as the top 3 most frequent etiologic agents in both native and
prosthetic valve IE (Munita et al., 2012). As described before, in sample 10, the
16S-23S rRNA encoding region NGS approach could identify a low abundant
Enterococcus faecium (Table 2). Also T. whipplei, which is the causing agent of
an often predominantly gastrointestinal illness, Whipple’s disease, has been
shown to cause IE (Geissdörfer et al., 2012; Goldenberger et al., 1997; Gubler et
al., 1999). In an observational study, T. whipplei was reported as the fourth most
common pathogen causing 6.3% of culture-negative endocarditis cases,
determined by the 16S rRNA gene amplification and subsequent sequencing
(Geissdörfer et al., 2012). In the present study, 16S rRNA gene Sanger
sequencing identified T. whipplei in samples 10 and 17, that are tissue samples
taken from patients with IE, while the 16S-23S rRNA encoding region NGS
could not. Even though there were 12 sequences of the 16S-23S rRNA encoding
region of this species present in the local database. When we aligned the PCR
primers to those sequences, we observed that the primers did not target the
16S-23S rRNA encoding region of T. whipplei, meaning that amplification and
subsequent sequencing of the 16S-23S rRNA encoding region of this species did
not occur. This is a pitfall of the current method to diagnose T. whippleiassociated diseases from patients’ samples (CSF, blood, joint fluid/synovia,
potentially gut mucosa) and could only be overcome by designing new and/or
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adding primers. Another solution would be to sequence the whole microbial
DNA directly from patient samples by shotgun metagenomics, overcoming the
primer-associated challenges of a targeted NGS approach. Nonetheless,
analysis of the large metagenomics data, more complicated than the targeted
NGS, requires further technological and bioinformatics developments to be
implemented in diagnostic laboratories (Deurenberg et al., 2017).
Although the number of samples tested in this study was too low to statistically
evaluate the significance of these approaches compared to conventional test
results, it did provide similar results in most cases (80% concordance with
conventional methods) or even superior in other cases. The identification of
additional species per sample, not detected by conventional methods,
demonstrates the potential of the 16S-23S rRNA encoding region NGS-based
method in characterizing multiple bacterial species, particularly in
polymicrobial samples. Additionally, the 16S-23S rRNA encoding region NGSbased method was superior in distinguishing bacterial species. This is most
likely due to the fact that the 16S-23S rRNA encoding region has a higher
resolution and more sequence variability compared to the 16S rRNA gene.
Faster and less laborious bioinformatics analysis provided by de novo assembly
and BLAST approach using an in-house database argues for the
implementation of the 16S-23S rRNA encoding region NGS-based method for
improved diagnostics by means of reducing the time until administration of
the appropriate antimicrobials. Additionally, fast growing long-read
sequencing platforms, have the potential in the future to reduce even further
the time for diagnosis, by providing the possibility for real-time sequencing
and probably reducing the need for assembly.

Conclusion
The higher resolution at the species level identification provided by 16S–23S
rRNA encoding region NGS makes its use in routine diagnostic microbiology
potentially attractive. Particularly, data analysis is one of the most important
steps of a diagnostic workflow, which requires an optimal pipeline for the
interpretation of the sequencing data in a short time. This study demonstrates
that de novo assembly and subsequent BLASTN analysis using an in-house
developed database compared to OTU clustering and mapping approaches is
the most accurate and fastest approach for identification of bacterial
pathogens. Yet, OTU clustering should be considered as a second approach if
no pathogen species are identified. Although the in-house developed publicly
available database has been shown to be robust enough to identify and
distinguish relevant bacterial species, it should be continuously updated to
represent more currently relevant or emerging pathogens. In conclusion,
advancements of the 16S–23S rRNA encoding region NGS-based method along
with the subsequent data analysis of de novo assembly and BLAST using a 16S–
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23S rRNA encoding region database has the potential to be integrated into the
routine diagnostic workflow by providing a more accurate and rapid microbial
diagnosis.

Author Contributions
NC, JR, BS, MK-S, EZ, and GW conceived and designed the experiments. NP,
SG-C, and BD performed the experiments. NP, SG-C, and HW analyzed the
data. AF and JR contributed with reagents, materials, and analysis tools. NP
and SG-C wrote the draft manuscript. All authors revised the manuscript.

Funding
This study was funded by the European Union’s Horizon 2020 Research and
Innovation Program under the Marie Skłodowska-Curie grant agreement
713660 (MSCA-COFUND-2015-DP “Pronkjewail”), which includes in kind
contributions by commercial partners. None of the commercial partners had
any influence on interpretation of reviewed data and conclusions drawn, nor
on drafting of the manuscript. This study was also supported by the INTERREG
V A (202085) funded project EurHealth-1Health, part of a Dutch–German
cross-border network.

Acknowledgments
The authors would like to thank Pepijn Verbrugge, Floris-Jan Haan and Alida
C. M. Veloo from the University of Groningen, University Medical Center
Groningen, Department of Medical Microbiology and Infection Prevention, for
their contribution to the development of the in-house database.

Conflict of Interest
The authors declare that the research was conducted in the absence of any
commercial or financial relationships that could be construed as a potential
conflict of interest.

125

Chapter 5

Reference
Benítez-Páez, A., and Sanz, Y. (2017). Multi-locus and long amplicon sequencing approach to study
microbial diversity at species level using the MinIONTM portable nanopore sequencer.
Gigascience 6, 1–12. doi:10.1093/gigascience/gix043.
Chen, W., Zhang, C. K., Cheng, Y., Zhang, S., and Zhao, H. (2013). A Comparison of Methods for
Clustering 16S rRNA Sequences into OTUs. PLOS ONE 8, e70837.
doi:10.1371/journal.pone.0070837.
CLC Genomics Workbench USER MANUAL (2017). QIAGEN Aarhus Available at:
http://resources.qiagenbioinformatics.com/manuals/clcserver/1000/enduser/User_Manual.pd
f [Accessed November 20, 2017].
Cusco, A., Catozzi, C., Vines, J., Sanchez, A., and Francino, O. (2018). Microbiota profiling with long
amplicons using Nanopore sequencing: full-length 16S rRNA gene and whole rrn operon.
bioRxiv, 450734. doi:10.1101/450734.
de Gier, B., Nijsten, D. R. E., Duijster, J. W., and Hahné, S. J. M. (2017). State of Infectious Diseases in
the Netherlands, 2016. Centre for Infectious Disease control, Epidemiology and Surveillance,
RIVM Available at: https://www.rivm.nl/dsresource?objectid=bce6439b-ce72-49d3-b7ede0c42348c8c5&type=pdf&disposition=inline [Accessed February 3, 2018].
Deurenberg, R. H., Bathoorn, E., Chlebowicz, M. A., Couto, N., Ferdous, M., García-Cobos, S., et al.
(2017). Application of next generation sequencing in clinical microbiology and infection
prevention. Journal of Biotechnology 243, 16–24. doi:10.1016/j.jbiotec.2016.12.022.
Devanga Ragupathi, N. K., Muthuirulandi Sethuvel, D. P., Inbanathan, F. Y., and Veeraraghavan, B.
(2017). Accurate differentiation of Escherichia coli and Shigella serogroups: challenges and
strategies. New Microbes New Infect 21, 58–62. doi:10.1016/j.nmni.2017.09.003.
Didelot, X., Bowden, R., Wilson, D. J., Peto, T. E. A., and Crook, D. W. (2012). Transforming clinical
microbiology with bacterial genome sequencing. Nature Reviews Genetics 13, 601–612.
doi:10.1038/nrg3226.
Ekblom, R., and Wolf, J. B. W. (2014). A field guide to whole-genome sequencing, assembly and
annotation. Evolutionary Applications 7, 1026–1042. doi:10.1111/eva.12178.
Geissdörfer, W., Moos, V., Moter, A., Loddenkemper, C., Jansen, A., Tandler, R., et al. (2012). High
frequency of Tropheryma whipplei in culture-negative endocarditis. J. Clin. Microbiol. 50, 216–
222. doi:10.1128/JCM.05531-11.
Goldenberger, D., Künzli, A., Vogt, P., Zbinden, R., and Altwegg, M. (1997). Molecular diagnosis of
bacterial endocarditis by broad-range PCR amplification and direct sequencing. J. Clin.
Microbiol. 35, 2733–2739.
Gubler, J. G., Kuster, M., Dutly, F., Bannwart, F., Krause, M., Vögelin, H. P., et al. (1999). Whipple
endocarditis without overt gastrointestinal disease: report of four cases. Ann. Intern. Med. 131,
112–116.
Jayananda, S., Gollol-Raju, N. S., and Fadul, N. (2017). Gemella Species Bacteremia and Stroke in an
Elderly Patient with Respiratory Tract Infection. Case Reports in Medicine.
doi:10.1155/2017/1098527.
Jensen, A., Scholz, C. F. P., and Kilian, M. (2016). Re-evaluation of the taxonomy of the mitis group of
the genus Streptococcus based on whole genome phylogenetic analyses, and proposed
reclassification of Streptococcus dentisani as Streptococcus oralis subsp. dentisani comb. nov.,
Streptococcus tigurinus. International Journal of Systematic and Evolutionary Microbiology 66,
4803–4820. doi:10.1099/ijsem.0.001433.
Kerkhof, L. J., Dillon, K. P., Häggblom, M. M., and McGuinness, L. R. (2017). Profiling bacterial
communities by MinION sequencing of ribosomal operons. Microbiome 5. doi:10.1186/s40168017-0336-9.

126

Chapter 5

Kitts, P. A., Church, D. M., Thibaud-Nissen, F., Choi, J., Hem, V., Sapojnikov, V., et al. (2016).
Assembly: a resource for assembled genomes at NCBI. Nucleic Acids Res. 44, D73-80.
doi:10.1093/nar/gkv1226.
Lal, D., Verma, M., and Lal, R. (2011). Exploring internal features of 16S rRNA gene for identification of
clinically relevant species of the genus Streptococcus. Annals of Clinical Microbiology and
Antimicrobials 10, 28. doi:10.1186/1476-0711-10-28.
MacCannell, D. (2016). Next Generation Sequencing in Clinical and Public Health Microbiology.
Clinical Microbiology Newsletter 38, 169–176. doi:10.1016/j.clinmicnews.2016.10.001.
Mollerup, S., Friis-Nielsen, J., Vinner, L., Hansen, T. A., Richter, S. R., Fridholm, H., et al. (2016).
Propionibacterium acnes: Disease-Causing Agent or Common Contaminant? Detection in
Diverse Patient Samples by Next-Generation Sequencing. J. Clin. Microbiol. 54, 980–987.
doi:10.1128/JCM.02723-15.
Motro, Y., and Moran-Gilad, J. (2017). Next-generation sequencing applications in clinical
bacteriology. Biomolecular Detection and Quantification 14, 1–6. doi:10.1016/j.bdq.2017.10.002.
Munita, J. M., Arias, C. A., and Murray, B. E. (2012). Enterococcal Endocarditis: Can We Win the War?
Curr Infect Dis Rep 14, 339–349. doi:10.1007/s11908-012-0270-8.
NIAID Emerging Infectious Diseases/Pathogens | NIH: National Institute of Allergy and Infectious
Diseases Available at: https://www.niaid.nih.gov/research/emerging-infectious-diseasespathogens [Accessed February 3, 2018].
OTU Clustering Step by Step (2017). QIAGEN Aarhus Available at:
http://resources.qiagenbioinformatics.com/tutorials/OTU_Clustering_Steps.pdf [Accessed
November 21, 2017].
Petti, C. A. (2007). Detection and Identification of Microorganisms by Gene Amplification and
Sequencing. Clinical Infectious Diseases 44, 1108–1114. doi:10.1086/512818.
Purcell, L. K., Finley, J. P., Chen, R., Lovgren, M., and Halperin, S. A. (2001). Gemella species
endocarditis in a child. Can J Infect Dis 12, 317–320.
Rossen, J. W. A., Friedrich, A. W., and Moran-Gilad, J. (2018). Practical issues in implementing wholegenome-sequencing in routine diagnostic microbiology. Clinical Microbiology and Infection
24, 355–360. doi:10.1016/j.cmi.2017.11.001.
Sabat, A. J., van Zanten, E., Akkerboom, V., Wisselink, G., van Slochteren, K., de Boer, R. F., et al.
(2017). Targeted next-generation sequencing of the 16S-23S rRNA region for cultureindependent bacterial identification - increased discrimination of closely related species.
Scientific Reports 7. doi:10.1038/s41598-017-03458-6.
Salipante, S. J., Sengupta, D. J., Rosenthal, C., Costa, G., Spangler, J., Sims, E. H., et al. (2013). Rapid 16S
rRNA Next-Generation Sequencing of Polymicrobial Clinical Samples for Diagnosis of
Complex Bacterial Infections. PLoS ONE 8, e65226. doi:10.1371/journal.pone.0065226.
Salter, S. J., Cox, M. J., Turek, E. M., Calus, S. T., Cookson, W. O., Moffatt, M. F., et al. (2014). Reagent
and laboratory contamination can critically impact sequence-based microbiome analyses.
BMC Biology 12, 87. doi:10.1186/s12915-014-0087-z.
Singh, G. (2006). Determination of Cutoff Score for a Diagnostic Test. The Internet Journal of
Laboratory Medicine 2.
Sohail, M. R., Gray, A. L., Baddour, L. M., Tleyjeh, I. M., and Virk, A. (2009). Infective endocarditis due
to Propionibacterium species. Clinical Microbiology and Infection 15, 387–394. doi:10.1111/j.14690691.2009.02703.x.
Srinivasan, R., Karaoz, U., Volegova, M., MacKichan, J., Kato-Maeda, M., Miller, S., et al. (2015). Use of
16S rRNA Gene for Identification of a Broad Range of Clinically Relevant Bacterial Pathogens.
PLOS ONE 10, e0117617. doi:10.1371/journal.pone.0117617.

127

Chapter 5

Yang, C.-H., and Tsai, K.-T. (2014). Gemella sanguinis endocarditis: First case report in Taiwan and
review of the literature. Journal of the Formosan Medical Association 113, 562–565.
doi:10.1016/j.jfma.2012.02.012.
Zeller, V., Ghorbani, A., Strady, C., Leonard, P., Mamoudy, P., and Desplaces, N. (2007).
Propionibacterium acnes: an agent of prosthetic joint infection and colonization. J. Infect. 55,
119–124. doi:10.1016/j.jinf.2007.02.006.

128

Chapter 5

Appendix
The Supplementary Material for this article can be found online at:
https://www.frontiersin.org/articles/10.3389/fmicb.

Supplementary Data
The database comprising the reference sequences and taxonomic annotation
generated for this study can be found in https://github.com/natachacouto/16S23S-rRNA-encoding-region-database.
De novo assembly sequences analyzed for this study can be found in
https://figshare.com/s/729b346eda670e9daba4.
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Table S1. Parameters. Data analysis parameters used on CLC Genomics
Workbench for three data analysis approaches. (XLSX)
Table S2. BLAST. Data analysis using de novo assembly and BLAST approach.
(XLSX)
Table S3. Mapping. Data analysis using mapping to reference genome tool.
(XLSX)
Table S4. OTU Clustering. Data analysis using OTU clustering tool. (XLSX)
Table S5. Mock Community. Data analysis of mock community sample using
3 data analysis tools. (XLSX)
Table S6. Emerging Infectious Diseases. Emerging infectious
disease/pathogens published by RIVM and NIAID vs the pathogens included
in our in-house developed database. (XLSX)
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