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High-Resolution Taxonomic Profiling of the Subgingival Microbiome
for Biomarker Discovery and Periodontitis Diagnosis
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Science, Ostfalia University of Applied Sciences, Wolfenbüttel, Germanyd; National Cohort Study Center Augsburg, Helmholtz Centre Munich, Germanye; Department of
Conservative Dentistry, Ludwig-Maximilians-University, Munich, Germanyf

The oral microbiome plays a key role for caries, periodontitis, and systemic diseases. A method for rapid, high-resolution, robust
taxonomic profiling of subgingival bacterial communities for early detection of periodontitis biomarkers would therefore be a
useful tool for individualized medicine. Here, we used Illumina sequencing of the V1-V2 and V5-V6 hypervariable regions of the
16S rRNA gene. A sample stratification pipeline was developed in a pilot study of 19 individuals, 9 of whom had been diagnosed
with chronic periodontitis. Five hundred twenty-three operational taxonomic units (OTUs) were obtained from the V1-V2 re-
gion and 432 from the V5-V6 region. Key periodontal pathogens like Porphyromonas gingivalis, Treponema denticola, and Tan-
nerella forsythia could be identified at the species level with both primer sets. Principal coordinate analysis identified two outli-
ers that were consistently independent of the hypervariable region and method of DNA extraction used. The linear discriminant
analysis (LDA) effect size algorithm (LEfSe) identified 80 OTU-level biomarkers of periodontitis and 17 of health. Health- and
periodontitis-related clusters of OTUs were identified using a connectivity analysis, and the results confirmed previous studies
with several thousands of samples. A machine learning algorithm was developed which was trained on all but one sample and
then predicted the diagnosis of the left-out sample (jackknife method). Using a combination of the 10 best biomarkers, 15 of 17
samples were correctly diagnosed. Training the algorithm on time-resolved community profiles might provide a highly sensitive
tool to detect the onset of periodontitis.

Chronic periodontitis affects roughly 750 million people, mak-
ing it one of the most prevalent infections worldwide (1). Its

outcome can ultimately be tooth loss, but it is additionally associ-
ated with several systemic conditions, such as atherosclerotic car-
diovascular disease (2). Periodontitis is the result of dynamic in-
teractions between a highly complex oral microbial community
and the host immune system, and its etiology is not causally un-
derstood (3). The polymicrobial synergy and dysbiosis model (4)
takes into account both the extensive research on individual peri-
odontal pathogens and the recent next-generation sequencing re-
sults, which suggest that periodontitis is triggered by keystone
pathogens like Porphyromonas gingivalis that are able to manipu-
late the immune response of the host. Hence, the host is no longer
able to control the growth of the periodontal biofilm, tipping the
balance from homeostasis to dysbiosis. Commensals can then be-
come accessory pathogens that act synergistically with keystone
pathogens and form a proinflammatory community that elicits a
nonresolving and tissue-destructive host response (4).

Cultivation methods and various cultivation-independent molec-
ular methods have all been used to study the composition of the
polymicrobial periodontal community (5). Next-generation se-
quencing opens a new window which allows the species composition
of microbial communities to be determined in unprecedented depth
and has shown that the oral microbial community is the second most
diverse one after the gut microbial community (6).

In the context of individualized medicine, it will be desirable to
detect changes in the periodontal community that are related to
host genetics, life style, and infections and to identify biomarkers
for periodontitis at the earliest possible stage to initiate treatment

and prevent the disease from entering the chronic stage. The pres-
ent study was part of the pretest 1 phase of the German National
Cohort (GNC), which is conducted as an interdisciplinary, popu-
lation-based longitudinal cohort study (7). In the GNC, a total of
200,000 individuals (aged 20 to 69) will be recruited, and their
health will be monitored for a period of 30 years to study the
development of chronic diseases (cardiovascular diseases, cancer,
diabetes, and neurodegenerative, pulmonary, and infectious dis-
eases). A subpopulation of 40,000 individuals will be subject to
in-depth analysis protocols. The major aim of the pretest 1 phase
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was to test the feasibility of methods that might be used later in the
main study.

Here, we chose Illumina MiSeq 16S rRNA gene amplicon se-
quencing because it has lower costs than pyrosequencing and
greater sequencing depth and lower error rates than other plat-
forms (8). On the other hand, it produces short reads, making
taxonomic assignment more difficult (9–13).

Since the various regions of the rRNA gene have different pow-
ers of taxonomic resolution, we compared community profiles
obtained by independently amplifying the V1-V2 and V5-V6 hy-
pervariable regions. We also determined the effect of successively
more aggressive DNA extraction. Many statistical analyses can be
applied to detect biomarkers. Here, we used the linear discrimi-
nant analysis (LDA) effect size algorithm (LEfSe) pipeline that has
been developed for complex biological data sets. Finally, we devel-
oped a pipeline for diagnosis of periodontitis based on the com-
position of the microbial communities. For this goal, we used the
10 best biomarkers and applied the jackknife (leave-one-out)
method. The entire pipeline was automated and can be applied to
stratify periodontal microbial communities or microbial commu-
nities associated with other disease outcomes in a large set of sam-
ples, making it a useful approach for individualized medicine.

MATERIALS AND METHODS
Participants and ethics statement. The present study was designed in
cooperation between the Infection and Dental Health working groups in
the German National Cohort. The study protocol was approved by the
local ethics committee (Bayerische Landesärtzekammer, Munich, Ger-
many), and written consent was obtained from all participants. All par-
ticipants of this substudy were participants of the so-called pretest 1 study
of the GNC, Study Center Augsburg, Germany. A random population
sample was drawn by the local registration office in Augsburg, Bavaria
(Germany) according to distinct selection criteria (age range of 20 to 69
years and main residency in Augsburg). Each participant was invited by
regular mail and, if available, by telephone. In case of no response, a
reminder letter was sent. Finally, 19 subjects followed the invitation to
have a dental examination and microbiological analysis of the subgingival
plaque. Demographic and clinical characteristics of the individuals stud-
ied are presented in Table 1.

Standardization of the clinical examination. Each participant was
examined by a dentist in a medical praxis. Prior to the dental examination,
all participants had the opportunity to brush their teeth. The examination
equipment consisted of a dental mirror with a plane surface, a blunt com-
munity periodontal index (CPI) probe (CP-11.5B6; Hu-Friedy, Chicago,
IL, USA), and a light-emitting-diode (LED) lamp (model 17.9; Rupprich,
Görlitz, Germany). The dental examination included, first, registration of
the dental status according to the decay-missing-filled (DMF) index (14),
and second, measurement of the pocket probing depth at six points per

tooth in mm. Periodontitis was diagnosed in subjects with probing depths
of �3.5 mm (15).

Standardization of sample collection and processing. After removal
of supragingival plaque with cotton pellets, subgingival samples were col-
lected by insertion of a sterile paper point (ISO 40; VDW, Munich, Ger-
many) for 30 s into the deepest pocket. Cotton rolls were used to avoid
saliva contamination. One paper point was sampled per tooth, and 1 to 4
teeth were sampled for each subject (see Data Set S1 in the supplemental
material). Paper points originating from the same subject were placed
together in an Eppendorf tube, immediately frozen, and stored at �80°C
until extraction.

DNA was extracted from the paper points in two consecutive steps,
increasing the aggressiveness of the lysis protocol. In the first extraction
(enzymatic and mechanical [EM] extraction method) the paper points in
one Eppendorf tube were incubated in lysis buffer containing 10 mM Tris,
1 mM EDTA, pH 8.0, 2.5 mg/ml lysozyme (Sigma, Steinheim, Germany),
and 50 U/ml mutanolysin (Sigma, Steinheim, Germany) at 25°C for 1 h on
a shaking incubator at 350 rpm. Afterwards, 700 �l of the second lysis
buffer, containing 100 mM Tris-HCl, 100 mM EDTA, 100 mM NaCl, 1%
(wt/vol) polyvinylpyrrolidone, and 2% (wt/vol) cetrimonium bromide,
pH 8, were added, together with 50 mg of acid-washed glass beads, and the
mixture vortexed at full speed 10 times for 30 s with 30-s intervals on ice.
Samples were centrifuged at 14,000 rpm for 1 min at 4°C. Pellets were
stored on ice until the second extraction. Supernatants were mixed with
one volume phenol-chloroform-isoamyl alcohol (25:24:1) and centri-
fuged, and the aqueous phase was washed with one volume of chloroform.
DNA (designated as EM derived) was precipitated from the aqueous
phase with 1 volume of isopropyl alcohol at room temperature and stored
in water at �20°C.

For the second extraction (FastPrep [FP] method), the pellets left after
the first extraction were processed with the FastDNA spin kit for soil,
following the manufacturer’s instructions. Cells were lysed in a Fast-
Prep-24 instrument (MP Biomedicals, Santa Ana, CA, USA) for 45 s at 6.0
m s�1. DNA (designated as FP derived) was eluted and stored in water at
�20°C. The DNA concentrations in the extracts were quantified using a
PicoGreen double-stranded DNA (dsDNA) quantitation kit (Molecular
Probes, Leiden, The Netherlands).

Preparation of 16S rRNA gene amplicon libraries, sequencing, and
data processing. The hypervariable regions of the 16S rRNA gene were
amplified using primers 27F and 338R for the V1-V2 region (9) and prim-
ers 807F and 1050R (16) for the V5-V6 region. Primers were barcoded and
provided with adapters for Illumina sequencing as described previously
(9). For each periodontal pocket sample, two DNA extractions were pre-
pared (EM and FP methods), and two sets of primers were used for each
DNA (V1-V2 and V5-V6). Thus, four amplicon libraries were obtained
for each of the 19 samples, yielding a total of 76 libraries, which were
sequenced using 150-bp paired-end sequencing chemistry on an Illumina
MiSeq platform. A total of 1.4 million sequence reads were obtained. Data
set quality filtering and definition of operational taxonomic units (OTUs)
were performed based on the method previously described (9). Briefly,
first, the raw reads were quality trimmed. By sliding a window of 10% of
the read length along the sequence, the average quality was assessed. Read
fragments from the 3= end of the reads that had a PHRED score of the fastq
file (Q value) below 10 were removed. Reads that after trimming were
shorter than 140 bp, had an N character in their sequence, any mismatches
within the primers and barcodes, or more than 10 homopolymer stretches
were removed. Next, reads were demultiplexed and sorted. Reads were
trimmed conservatively to 120 nt. The paired ends were subsequently
matched to give 240 nt. The Mothur programs unique.seqs and pre.cluster
were used to collapse and precluster the reads, allowing 2 mismatches over
a 240-nt length between the primary sequence and any other to define an
OTU. The data set was then filtered to consider only those OTUs that were
present in an abundance of �0.001% for the whole experiment and were
present (i) in at least one sample at a relative abundance of �1% of the
total sequences of that sample, (ii) in at least 2% of samples at a relative

TABLE 1 Demographic and clinical characteristics of the individuals
studied

Characteristic

Value for individuals with indicated oral status

Healthy (n � 10) Periodontitis (n � 9)

Mean age � SD (yr) 52.4 � 12.3 56.9 � 11.8
No. who were female (%) 60 66.7
PPPDa (mm) 2–3 4–10
Mean no. of teeth

sampled � SD
2.4 � 0.5 2.4 � 0.9

Diagnosisb Periodontally healthy Chronic periodontitis
a PPPD, periodontal pocket probing depth.
b Based on criteria defined in reference 15.

Szafranski et al.

1048 aem.asm.org February 2015 Volume 81 Number 3Applied and Environmental Microbiology

 on S
eptem

ber 21, 2015 by G
E

S
E

LLS
C

H
A

F
T

 F
U

R
 B

IO
T

E
C

H
N

O
-

http://aem
.asm

.org/
D

ow
nloaded from

 

http://aem.asm.org
http://aem.asm.org/


abundance of �0.1% for a given sample, or (iii) in at least 5% of samples
at any abundance level. The OTUs that passed these thresholds were en-
tered in an Excel table and used as the basis for all subsequent analyses.

Taxonomy was assigned to the OTUs based on the best match to the
reference sequences from the Human Oral Microbiome Database (17)
and according to the naive Bayesian classifier provided by the Ribosomal
Database Project (18). OTUs were blasted against Human Oral Micro-
biome Database (HOMD) 16S rRNA RefSeq version 13.2 using the online
HOMD 16S rRNA Sequence Identification Tool (http://www.homd.org)
with default settings. Species and genus names were assigned based on the
highest score (bits) for a score of �368 (allowing only two mismatches)
and a score of �332 (allowing 12 mismatches), respectively, and were
manually checked (see Fig. S11 in the supplemental material). In case of
ambiguous assignment, the taxonomy was assigned to the lowest taxo-
nomic level that was common for all references identified as the best
match. Taxonomy was further confirmed using the RDP naive Bayesian
rRNA Classifier (http://rdp.cme.msu.edu). The taxonomy of OTUs with a
score of �332 (more than 12 mismatches) with any HOMD reference
sequence (42 V1-V2 OTUs and 41 V5-V6 OTUs) was assigned solely using
the RDP naive Bayesian rRNA Classifier (http://rdp.cme.msu.edu) with a
bootstrap cutoff of 50%. For coherence, taxonomic nomenclature as in
HOMD was used, except that OTUs belonging to the family Veillonel-
laceae were placed into the order Selenomonadales (class Negativicutes)
instead of into the order Clostridiales (class Clostridia), as recently sug-
gested (19).

Statistical analysis. R (20) and PRIMER version 6 with PERMANOVA�
add-on software (PRIMER-E, Plymouth Marine Laboratory, Plymouth,
United Kingdom) (21) were used to analyze the data. Rarefaction curves
were calculated on unstandardized, OTU-level data using the vegan pack-
age (22). A community similarity matrix was generated using the Bray-
Curtis coefficient by comparing the standardized, log-transformed abun-
dances of each taxon in regard to every pairwise combination of all
samples. Principal coordinate analysis (PCoA) was performed on the
Bray-Curtis similarities matrix with the PERMANOVA� PCO routine.

The patterns generated between 19 communities after profiling the
V1-V2 region of the 16S rRNA gene were compared to that generated
using the V5-V6 region of the 16S rRNA gene by a Mantel-like test (the
PRIMER routine RELATE) using Spearman’s rank correlation coefficient
with 999 permutations (21). Similar comparisons were performed for
profiles from the two DNA extraction steps.

Sample diversity was calculated using the Shannon diversity index,
where H=� ��i pi ln(pi) and pi is the relative abundance of the ith OTU
(21). Welch’s two-sample t test was used to test the differences between
the Shannon diversity values of samples from healthy individuals and
those with periodontitis (20).

A linear discriminant analysis (LDA) effect size (LEfSe) pipeline (23),
available at http://huttenhower.sph.harvard.edu/galaxy/, was used for
biomarker detection. As a first step, the nonparametric factorial Kruskal-
Wallis (KW) rank sum test was used to detect taxa with significant differ-
ential abundances. Biological consistency was subsequently investigated
with a set of pairwise tests among subclasses using the (unpaired) Wil-
coxon rank sum test. Finally, LDA was used to estimate the effect size of
each differentially abundant trait. Alpha values of 0.05 were used for the
KW rank sum test, and a threshold of 2.0 was chosen for logarithmic LDA
scores.

The 50 most abundant OTUs were selected, and their abundances
were correlated across the 19 samples using Spearman rank correlation
and visualized using group-average agglomerative hierarchical clustering
(24). The bias of arbitrarily choosing a particular correlation coefficient
level to group species can be eliminated by using the similarity profile
(SIMPROF) permutation test, which seeks statistically significant evi-
dence of genuine clusters in the absence of a priori groups (21); this test
was performed at the 99% significance level using 9,999 simulations to
generate the dendrogram and 10,000 permutations to generate a permu-
tation distribution.

Based on the receiver operating characteristics (ROC) curve, the area
under the curve (AUC) was computed to judge the potential of an OTU as
a biomarker. This calculation was performed for two different abundance
cutoffs: only OTUs present at a relative abundance of �1% or at �0.1% in
at least one sample were studied. Due to the large number of OTUs con-
sidered as potential biomarker candidates, it was necessary to investigate
whether higher AUC values originated from random variations or from
true biological correlations. For this purpose, for each OTU, the values of
the 19 patients were randomly shuffled and the AUC values for these
random data were also calculated. AUC values larger than 0.5 for the
random data occur only by chance. In order to see how much the AUC
values of the true data deviated from the random data, box plots of these
AUC value distributions were generated. The ROC curve of the OTU with
the highest AUC value was plotted together with the ROC curve corre-
sponding to the best AUC value of the random data. Furthermore, per-
mutation tests were carried out. The above-described procedures for gen-
erating random data and the calculation of the best AUC value for the
random table were repeated 1,000 times to carry out a permutation test. In
this way, an empirical distribution of the corresponding best random
AUC values was obtained. A P value for the significance of the best AUC
value for the original data was obtained from this permutation test. Thus,
the P value defines the fraction of random best AUC values that were
larger than the best AUC value for the original data.

To elucidate which biomarkers could distinguish the healthy individ-
uals from those with periodontitis, standard classifiers (random forests)
were evaluated based on a jackknife (leave-one-out) method. Per cycle,
one sample was taken out of the data set, and the AUC values for the OTUs
were calculated with the remaining samples. The 10 OTUs with the best
AUC values were then used to train the classifier. The trained classifier was
applied to the sample that had been removed from the data set to predict
whether the individual was healthy or had periodontitis. This procedure
was repeated for each individual. In this way, a prediction model for the
diagnosis (healthy or periodontitis) of each individual without involving
that individual’s particular sample in the construction of the classifier was
developed. Confusion matrices showing the numbers of correctly and
wrongly classified individuals were calculated.

RESULTS AND DISCUSSION
Quality control and taxonomy assignment of reads. The work-
flow for processing the reads and for taxonomy assignment is
shown in Fig. 1A. Sequence data underwent quality control, re-
moval of rare sequences, and clustering into operational taxonomic
units (OTUs) as previously described (9). Briefly, 60.8% of the se-
quence reads passed the quality control, resulting in a total of 0.84
million reads (see Data Set S1 in the supplemental material). For each
individual, an average of 44,412 (standard deviation, 6,470) 240-bp
sequence reads was generated, which were derived from 4 commu-
nity profiles per patient, i.e., V1-2_EM (primers V1-V2, EM DNA
extraction), V1-2_FP (primers V1-V2, FP DNA extraction), V5-
6_EM (primers V5-V6, EM DNA extraction), and V5-6_FP (primers
V5-V6, FP DNA extraction). With V1-V2 primers, 584 OTUs were
obtained from the periodontal pocket samples, and 495 OTUs were
obtained with V5-V6 primers.

Taxonomy was assigned using the Human Oral Microbiome Da-
tabase (HOMD, http://www.homd.org) (17). This approach takes
advantage of the curated phylogeny-based database for the human
oral bacteria, including described species, unnamed isolates, and un-
cultivated phylotypes. Ninety-two percent of all OTUs could be as-
signed at the species or genus level using the HOMD database. Those
sequences that showed more than 12 mismatches to any HOMD
reference were assigned according to the Ribosomal Database Project
(RDP) Classifier (http://rdp.cme.msu.edu/classifier) (18), thus al-
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lowing the identification of species or genera that are atypical for the
oral cavity.

Detection and removal of paper point-associated OTUs. Re-
cently, sterile paper points were identified as a contamination
source in the microbial communities of periodontal pocket clini-
cal samples (25). Members of the genera Enterococcus and Exigu-
obacterium were identified in blanks sequenced as controls. Their
occurrence in the clinical samples was highly correlated, and their
overamplification was most pronounced in samples containing
small amounts of DNA, reaching up to 46% of all reads (25). Both
genera were also detected in our study. Overall, 3.5% of the total
reads were assigned to the genera Enterococcus and Exiguobacte-
rium. While they were almost absent in samples from individuals
with periodontitis, they reached, on average, 5.8% of all reads in
samples from healthy individuals, similar to the observations de-
scribed previously (25). Their presence would therefore have bi-
ased the comparison between samples from healthy and diseased
individuals significantly. Since paper point-associated Enterococ-
cus-Exiguobacterium OTUs were additionally correlated with
other OTUs in the previous study (25), we searched for such phy-
lotypes using Spearman’s rank correlation coefficient (	 � 0.7 and
	 � 0.77 for V1-V2 and V5-V6, respectively). The data in Fig. S1 in
the supplemental material show that in all four profiles analyzed, a
cluster of highly correlated OTUs that included Enterococcus and
Exiguobacterium OTUs was detected. They had, on average, only
94.5% identity to the best match in HOMD, which indicates that
they were not typical inhabitants of the oral cavity. The OTUs
retained had, on average, 99% identity to the best match in
HOMD. In all, approximately 11% of total reads were manually
removed from the data set, resulting in 523 V1-V2 OTUs and 432
V5-V6 OTUs that were then analyzed further. The original data
set, the curated data set, and the list of OTUs that were removed
are shown in Data Set S1 in the supplemental material. Data Set S2
provides the normalized reads per OTU.

Comparison of taxonomic resolution between hypervariable
regions V1-V2 and V5-V6 of the 16S rRNA gene. A total of 0.37
million V1-V2 reads were clustered into 523 OTUs, and 0.39 mil-
lion V5-V6 reads were grouped into 432 OTUs (Fig. 1B). Rarefac-
tion curves showed that saturation was reached at �10,000 reads
per sample (see Fig. S2A in the supplemental material). The taxo-
nomic diversity of 523 species-level OTUs was in the range found

by other next-generation-sequencing studies of periodontal
pocket samples (26–29). However, the number of reads per sam-
ple was higher in our study, suggesting that Illumina amplicon
sequencing covers the diversity of the community better.

We compared the two data sets for V1-V2 and V5-V6 with
respect to the presence or absence of species and higher taxa. In
total, putative representatives of 251 species, 101 genera, 48 fam-
ilies, 29 orders, 21 classes, and 11 phyla were identified by both
regions (Fig. 1C). Overall, 99% of all OTUs were assigned at least
at the genus level and 52% were assigned at the species level, in-
cluding unnamed species that are designated as a human oral
taxon (HOT) (17). Species-level taxonomy assignment was possi-
ble for 275 V1-V2 OTUs but for only 225 V5-V6 OTUs. While 104
species were assigned by both V1-V2 and V5-V6 amplicons, 87
species were assigned only with V1-V2 primers and 60 were only
detected with V5-V6 primers (see Data Set S1 in the supplemental
material). Among the most important species known to be asso-
ciated with periodontal disease, P. gingivalis, Tannerella forsythia,
and Treponema denticola were identified by both regions. We an-
alyzed whether species-level taxonomic identification was indeed
possible using 240 nt of the V1-V2 or the V5-V6 region, respec-
tively, of the 16S rRNA sequence. To this end, the full 16S rRNA
gene sequences of species of the genera Fretibacterium, Porphy-
romonas, Tannerella, and Treponema available in the HOMD da-
tabase were used to construct phylogenetic trees. Then, two addi-
tional trees were constructed in which the V1-V2 OTUs and the
V5-V6 OTUs that were assigned to those genera in our study were
aligned with the reference sequences (see Data Set S1). This anal-
ysis demonstrated that within the genus Porphyromonas, species-
level identification was possible for P. gingivalis and Porphyromo-
nas asaccharolytica, while Porphyromonas endodontalis and
Porphyromonas catoniae could not be differentiated from HOT
phylotypes closely related at the species level using either hyper-
variable region (see Fig. S5 in the supplemental material). The
analysis for the genus Treponema, which harbors almost 50 HOT
species-level phylotypes and 10 validly described species, showed
that T. denticola could be assigned at the species level by one spe-
cific OTU using the V1-V2 amplicon and by two V5-V6 OTUs
(see Fig. S6, S7, and S8). The HOMD database contains T. for-
sythia and three unnamed species-level HOT phylotypes which
can be distinguished using full-length 16S rRNA gene sequences

FIG 1 Global comparison of taxonomic diversity obtained by Illumina sequencing of the V1-V2 and V5-V6 hypervariable regions of the 16S ribosomal gene. (A)
Workflow for taxonomy assignment. (B) Numbers of OTUs taxonomically assigned to the species, genus, family, order, class, and phylum levels. (C) Numbers
of phylotypes identified.

Szafranski et al.

1050 aem.asm.org February 2015 Volume 81 Number 3Applied and Environmental Microbiology

 on S
eptem

ber 21, 2015 by G
E

S
E

LLS
C

H
A

F
T

 F
U

R
 B

IO
T

E
C

H
N

O
-

http://aem
.asm

.org/
D

ow
nloaded from

 

http://aem.asm.org
http://aem.asm.org/


(see Fig. S9). It was possible to distinguish between all four species
using 240 nt of either the V1-V2 or the V5-V6 hypervariable re-
gion.

The genus Fretibacterium contains only one validly described
species, Fretibacterium fastidiosum, and additionally, seven spe-
cies-level HOT phylotypes. They can be distinguished based on
their full-length 16S rRNA gene sequences, as well as by only 240
nucleotides in the hypervariable V1-V2 region (see Fig. S10 in the
supplemental material). Six of them, including F. fastidiosum, can
also be differentiated based on 240 nt from the V5-V6 hypervari-
able region. The data show that the V1-V2 region is slightly more
diagnostic than the V5-V6 region for most of the species studied,
in accordance with recent analyses of the taxonomic precision of
the hypervariable regions of the 16S rRNA gene (30, 31). The
authors also confirm our finding that there is no hypervariable
region that is equally diagnostic for all genera under investigation;
hence, using a combination of different regions is recommended.

As expected, the differences between taxonomic assignments
using the V1-V2 or V5-V6 region were less pronounced at the
higher taxonomic levels. The majority of genera (68 of 101), fam-
ilies (39 of 48), and orders (26 of 29) were assigned by both V1-V2
and V5-V6 amplicons. All 21 classes were detected by both V1-V2
and V5-V6 amplicons.

We then investigated the effect of the amplified region on the
abundance of taxonomic classes in our samples (Fig. 2A). No dif-
ference was observed in the average relative abundance of all
classes except five: Synergistetes were almost undetectable with
V5-V6 primers, while they comprised more than 1% using V1-V2
primers. Deltaproteobacteria, Fusobacteria, and Erysipelotrichia
were more abundant in the V1-V2 profiles, while Clostridia were
more than four times more abundant in the V5-6_FP than in the
V1-2_EM data set. Significant differences in the community pro-
files generated by different sets of primers have been observed
before. For example, Bacteroidetes were found to be almost absent
while Proteobacteria and Synergistetes were at least two times more
abundant in V4 profiles than in V1-V2 profiles (28).

To summarize, sequencing of different regions of the 16S
rRNA gene as performed here provides taxonomic resolution of a
wider range of taxa and eliminates bias introduced by the PCR
procedure. Therefore, congruent conclusions that can be drawn
from community profiles obtained with different primer sets are
more reliable.

Identification of hard-to-lyse phylotypes. We then investi-
gated how the community structure was affected by sequentially
more aggressive cell lysis. In the first DNA extraction step (EM),
only a mild mechanical lysis using bead beating was applied. In the
second extraction step (FP), the pellet from the first extraction was
treated using the FastPrep instrument, which has been shown to
crack even very recalcitrant soil bacteria and to retrieve up to
20-fold more DNA from gut samples than other methods (32).
Unexpectedly, the abundances of all but three classes of bacteria
were the same in the EM and FP DNA preparations. This suggests
that only a small fraction of the DNA was removed during the first
extraction (EM) and a proportional number of genomes was ob-
tained in the second extraction (FP). Differences were found for
Actinobacteria, Clostridia, and Deltaproteobacteria, which were
more abundant in FP profiles than in EM profiles independent of
the region amplified, suggesting that these classes contain a large
fraction of hard-to-lyse phylotypes.

To confirm this, we looked for OTUs that were on average at

least 4-fold more abundant in the FP profiles than in their EM
counterparts and could be detected in at least one community at
an abundance of �1%. Thirty-one and 33 such OTUs could be
detected in the V1-V2 and V5-V6 analysis, respectively (see Data
Set S1 in the supplemental material). The majority of them be-
longed to the classes Actinobacteria and Clostridia, but represen-
tatives of 3 other classes were also found. The species with the
highest fold change in abundance between FP and EM profiles was
Olsenella sp. HOT 807 (Actinobacteria) for the V1-V2 primer set
(73-fold) and Actinomyces sp. (Actinobacteria) for the V5-V6
primer set (58-fold). A member of the Clostridia, Eubacterium
nodatum HOT 694, that has previously been shown to be a bio-
marker of periodontal disease (33) was 11-fold more abundant in
the V5-6_FP profile, emphasizing the importance of the aggres-
sive cell lysis for the detection of markers of periodontitis.

Periodontal pocket microbial community composition in
health and disease. The periodontal microbial communities from
9 individuals diagnosed to have periodontitis and 10 healthy indi-
viduals are shown for the 4 profiles created for each sample on the
class level (Fig. 2B). To assess the influence on community simi-
larity of the DNA extraction method and the region amplified, a
Mantel-like test (the PRIMER routine RELATE) was applied to
the standardized OTU abundance matrices (see Data Set S2 in the
supplemental material). The Spearman’s rank correlation coeffi-
cient (	) values were in the range of 0.84 to 0.92, suggesting good
overall correlation between profiles. The Shannon index of diver-
sity revealed a slightly higher diversity for periodontitis samples
(see Fig. S2B), consistent with the results of previous studies (26,
28, 29, 34).

Subsequently, we will concentrate on the results of the V1-
2_FP profile, which combines high taxonomic resolution with
aggressive cell lysis. The results for the other three profiles can be
found in the supplemental material. Ordination analysis was per-
formed to distinguish communities from individuals diagnosed
with periodontitis from those that were healthy. Since some of the
species with low abundance might have an important role in shift-
ing the community activity toward a dysbiotic stage (4), log-trans-
formed data were used, which down weights the importance of the
abundant taxa. Figure 3 shows the PCoA results for the V1-2_FP
profile on the OTU level. Samples from healthy individuals were
separated from those with periodontitis on the levels of OTU,
genus, and class and for all types of profiles (i.e., independent of
the primers and extraction methods used) (see Fig. S3 in the sup-
plemental material). However, among the individuals with perio-
dontitis, there were always two outliers whose communities re-
sembled those of healthy subjects. They were individuals 1 and 11.
For the analysis of biomarkers, those two samples were excluded.

Identification of biomarkers by the AUC method. Each OTU
was considered independently as a candidate for a biomarker. In
order to judge the potential of an OTU as a biomarker, the area
under the curve (AUC) of the receiver operating characteristics
(ROC) curve was computed. Due to the large number of potential
biomarker candidates (up to 523), it was necessary to investigate
whether higher AUC values originated from random variations or
from true biological correlations. Box plots of the results show
that the distribution of the AUC values of the original data tends to
contain significantly more high values than the random data (see
Fig. S4A in the supplemental material). This is also confirmed by
the plots of the corresponding ROC curves (see Fig. S4B).

The analysis was consistent across taxa (data not shown), but
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FIG 2 Microbial community composition of periodontal pockets as assessed by 16S rRNA gene amplicon sequencing. (A) Abundance of taxonomic classes
averaged over all 19 individuals for the four different community profiles analyzed. The error bars show the standard errors of the means. (B) Composition of the
periodontal communities in 19 individuals on the class level. Four different community profiles are shown for each sample, differing with respect to the DNA
extraction method (EM and FP) and hypervariable region of the 16S rRNA gene (V1-V2 and V5-V6) amplified. Profiles from healthy subjects and those
diagnosed with periodontitis are grouped on the right and left sides of the subpanels, respectively. See Materials and Methods for details on the FP and EM
methods.
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due to the increase in the number of potential biomarkers
from class (21) to genus (101) to OTU (523), the statistical power
decreased with lower taxonomic levels. On the OTU level, Chlo-
roflexi [G-1] (nomenclature as in HOMD [http://www.homd
.org])was identified as the only biomarker for periodontitis that
had statistical significance (Table 2; see also Data Set S3 in the
supplemental material). This uncultivated bacterium had a very
low abundance (�0.5%), but it was found with both the V1-V2
and the V5-V6 primers. It has been found in the oral cavity before
(17) and has also been linked to periodontitis previously (29). A
96% identical phylotype was recently discovered in the canine oral
microbiome (35). There are three draft genome sequences for
Chloroflexi in the HOMD database, but they are in progress and
additional information is not yet available.

Identification of biomarkers based on the LEfSe pipeline.
The LEfSe pipeline has been especially designed for biomarker
discovery in multidimensional complex data sets. LEfSe analyzes
the abundances of all phylotypes, testing whether values in health
and disease are differentially distributed, and then the LDA model
ranks the phylotypes based on relative differences between two

conditions, taking into account both variability and discrimina-
tory power (23). Here, we performed the analysis on the levels of
OTU, genus, and class.

Eight classes of bacteria were identified as being linked to peri-
odontitis, namely, Bacteroidetes [C-1], Bacteroidia, Chloroflexi,
Clostridia, Deltaproteobacteria, Mollicutes, Spirochaetes, and Syn-
ergistetes (see Data Set S3 in the supplemental material). All of
them have been identified previously as biomarkers of periodon-
titis (26, 28, 29, 34). In total, 34 genera were identified as being
associated with periodontitis and 6 were linked to oral health, also
confirming previous studies (26, 28, 29, 34, 36).

In total, 94 V1-V2 OTUs and 72 V5-V6 OTUs were signifi-
cantly more abundant in samples from individuals with periodon-
titis (see Data Set S3 in the supplemental material). Figure 4 shows
the biomarkers identified for the V1-2_FP profile. Porphyromonas
gingivalis HOT 619 had the highest LDA score among all OTUs. P.
gingivalis is the best understood periodontal pathogen and has
been shown to trigger changes in the diversity and abundance of
the oral microbial community that lead to dysbiosis and unre-
solved inflammation; thus, it is a keystone pathogen for periodon-
titis (37, 38). It forms the so-called red complex together with two
other species, namely, T. denticola and T. forsythia (4, 39). In our
study, 9 OTUs classified as Treponema spp. and 5 OTUs classified
as Tannerella spp. were identified as biomarkers. Tannerella spp.
had the fourth highest LDA score in the V1-2_FP profile.

In total, 13 OTUs classified as Fretibacterium spp. had signifi-
cant LDA scores (see Data Set S3 in the supplemental material).
Fretibacterium fastidiosum HOT 363 had the second highest LDA
score in the V1-2_EM profile, and four other OTUs assigned to the
genus Fretibacterium were also found among the top 10 OTUs
with the highest LDA scores. Members of this genus were linked to
periodontitis previously but not at such a high level of significance
(28, 29, 40–42).

Several important biomarkers required the aggressive DNA
extraction method for identification, e.g., Desulfobulbus sp.
HOT 41 (see Data Set S3). Single-cell sequencing of this uncul-
tured member of the Deltaproteobacteria had revealed large gene
clusters encoding virulence factors of known human pathogens,
suggesting the importance of this organism for the etiology of
periodontitis (43). Four species within the order Clostridiales, i.e.,
Peptostreptococcaceae XIII [G-4] sp., Eubacterium XI [G-6] sp.,
Peptostreptococcaceae XI [G-4] sp. HOT 369, and Peptostreptococ-
cus stomatitis HOT 113 were also linked to periodontitis and are
also hard-to-lyse organisms.

Among the OTUs with significant LDA scores, Chloroflexi
[G-1] was also found, confirming the biomarker detection by the
AUC method. Interestingly, Aggregatibacter actinomycetemcomi-
tans was not identified as a biomarker of periodontitis in our
study, although it is generally considered a major cause of aggres-
sive periodontitis (44). A. actinomycetemcomitans amounted to
5% in sample 3 (periodontitis), and had a very low abundance
(�0.05%) in several other samples, both from healthy and from
diseased individuals. Carriage is most strictly correlated with peri-
odontitis in localized aggressive childhood periodontitis (44); in
our samples, we had only one individual with aggressive perio-
dontitis and she was 70 years old.

To summarize, periodontitis biomarkers identified in previous
studies were fully confirmed by our analysis. The red complex
pathogen P. gingivalis was identified as the best marker for perio-
dontitis, followed by species-level OTUs of Tannerella spp. and

FIG 3 Principal coordinate analysis of the periodontal pocket microbial com-
munities in health and periodontitis. The percentages of the total variation that
are explained by the first two axes are indicated. The data shown are for the
V1-2_FP profile (hypervariable region V1-V2, DNA extracted by the FP meth-
od; see Materials and Methods for details) on the OTU level.

TABLE 2 The 10 best biomarkers obtained by the AUC method for the
V1-2_FP community profilea of the subgingival microbiome

Rank of the
biomarker Taxonomic affiliation AUC

P
value

1 Chloroflexi_[G-1]_sp_HOT_439_V1-2_347 0.98 0.036
2 Treponema_socranskii_ss_socranskii_HOT_

769_V1-2_130
0.96 0.066

3 Peptostreptococcaceae_XI_[G-4]_sp_HOT
_369_V1-2_123

0.94 0.134

4 Fusobacterium_sp_V1-2_386 0.93 0.191
5 Fusobacterium_nucleatum_ss_vincentii_

HOT_200_V1-2_68
0.93 0.191

6 Porphyromonas_sp_V1-2_445 0.93 0.191
7 Streptococcus_sp_V1-2_324 0.93 0.191
8 Porphyromonas_sp_V1-2_404 0.92 0.276
9 Actinomyces_sp_V1-2_190 0.92 0.276
10 Mogibacterium_sp_V1-2_145 0.91 0.338
a V1-2_FP community profile was obtained by amplifying sequences from the V1-V2
hypervariable region of the rRNA gene after the FastPrep (FP) method was used for
DNA extraction.
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Treponema spp. Aggressive cell lysis is important for hard-to-lyse
biomarkers, e.g., Desulfolobus sp. HOT 41 and Eubacterium noda-
tum HOT 694. The relevance of Fretibacterium spp. for periodon-
titis was further enhanced by our study. The two methods used for
biomarker discovery (AUC and LEfSe) obtained similar results,
but the LEfSe pipeline provided more statistical power.

Community connectivity. In a polymicrobial community, the
interactions between the individual species are key to understand-
ing the shift from a healthy community toward dysbiosis (45). An
interaction network constructed from checkerboard and microar-
ray analysis of subgingival plaque samples (3,079 periodontitis
samples and 89 samples from healthy individuals) identified one
highly connected community in individuals with disease and two
distinct communities in healthy individuals (46). Within the peri-
odontitis community, four bacterial modules were obtained and

were shown to be similar to those of a previous study of 13,261
subgingival plaque samples from 185 individuals (47). The brown
module was reproduced in both studies and consisted of the red
complex pathogens and several additional biomarkers of perio-
dontitis (46). Although these analyses were confined to cultivated
species, they provide an excellent reference to test whether similar
modules would be detectable in our community profiles. We an-
alyzed Spearman’s correlation between abundance patterns using
the 50 most abundant OTUs (similar to the analysis in reference
46), accounting for 64% and 72% of all reads in the V1-V2 and
V5-V6 community profiles, respectively.

The results presented in Fig. 5 show that two clusters were
formed by the OTUs. The top cluster contained subclusters pre-
viously found in samples from healthy individuals, while the bot-
tom cluster contained subclusters previously found in periodon-

FIG 4 Identification of biomarkers based on the linear discriminant analysis (LDA) and effect size (LEfSe) pipeline. The OTUs with an LDA score of �2 from
the V1-2_FP profile are shown.
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titis samples (46); thus, the two branches might reflect the shift
from healthy to dysbiotic communities. The brown module (see
above) was fully reproduced in our analysis (depicted in red in Fig.
5). It consisted of P. gingivalis, Tannerella sp. (best match to T.
forsythia, with 98.3% identity), and Eubacterium sp. (best match
to E. nodatum, with 98.8% identity). OTUs classified as T. denti-
cola and Treponema socranskii were not among the 50 most abun-
dant species, but their abundance was highly correlated with that
of P. gingivalis (	 between 0.42 and 0.44). In this module, we
additionally found strains that had previously been located in
other modules, e.g., Fusobacterium nucleatum and Streptococcus
constellatus HOT 576 (46) (47). Additionally, strains that had not
been located in any of the modules previously were also found in
the red complex cluster, namely, Selenomonas sputigena HOT 151,
TM7 [G-5] sp., Desulfobulbus sp. HOT 41, and Fretibacterium sp.
HOT 360. Thus, the brown module, comprising periodontitis-
associated co-occurring microbes described previously on the ba-
sis of thousands of samples, was fully reproduced using Illumina
sequencing of V1-V2 and V5-V6 amplicons from 19 individuals.

Diagnosis of periodontitis by the jackknife method. In order
to see how well combinations of biomarkers could distinguish the
healthy individuals from those with periodontitis, the 10 best bio-
markers of each profile were selected and standard classifiers
(random forests) were constructed. The classifiers, including the
selection of the biomarkers, were evaluated based on a jackknife
(leave-one-out) method (Fig. 6). To determine the influence of

OTUs with very low abundance, which might contain sequenc-
ing errors, the analysis was conducted using all OTUs (using
the abundance-filtering criteria described in Materials and
Methods) or only the 300, 200, 100, and 50 most abundant
OTUs of the data set.

FIG 5 Hierarchical cluster analysis of OTUs. Correlation of the abundances of the 50 most abundant OTUs was calculated across the 19 samples. Hierarchical
cluster analysis was performed using Spearman rank correlation. Red lines and colored boxes indicate groups of OTUs where clustering was statistically
significant using the SIMPROF routine in PRIMER 6 (at a significance level of 99%). The V1-2_FP data set was used for this analysis.

FIG 6 Predictive power of the 10 best biomarkers for diagnosis of health
versus periodontitis demonstrated by the number of misclassified subjects in
each category. The full V1-2_FP data set (all OTUs) or only the 300, 200, 100,
or 50 most abundant OTUs were used to select the best biomarkers based on
the AUC value. The jackknife method was applied for selecting the 10 best
biomarkers and for training the data set, and significance was calculated with
the random forest method.
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The best result was obtained using the 100 most abundant
OTUs. Using this data set, one sample derived from a healthy
individual and one from an individual with periodontitis were
misdiagnosed, and thus, 15 of 17 samples were correctly classified.
Up to six samples were misclassified using 50, 200, 300, or all
OTUs. The data show that, indeed, a compromise has to be found
between too low resolution of community composition (50
OTUs) and too high resolution, which might be hampered by
sequencing errors. Considering samples 1 and 11, which were ex-
cluded from the biomarker analyses, overall, 15 of 19 individuals
were thus correctly diagnosed based on the composition of their
periodontal communities. Given the complexity of the periodon-
tal microbiome and the frequently observed outlier communities,
which previously rendered such a diagnosis impossible, this is a
very high fraction. In a larger patient cohort, the outliers would
increase in frequency and probably form subgroups that might be
correlated with clinical, genetic, or lifestyle parameters. Thus, the
jackknife algorithm could be trained on different types of perio-
dontitis communities and its predictive power would be improved
accordingly.

Periodontitis samples that were always misclassified as healthy
based on the taxonomic composition of the microbial community
were samples 1, 3, and 11. The individuals who provided those
samples lacked typical periodontal pathogens and, thus, harbored
a relatively benign microbial community, but they suffered from
chronic periodontitis. For example, various species of Veillonella
comprised approximately 20% of all OTUs in sample 1. Sample 3
was dominated by Fusobacterium nucleatum and Bacteroidales
[G-2] sp. HOT 274 (approximately 13% each). In these individu-
als, disease development could have been triggered by additional
factors, e.g., smoking or genetic susceptibility. Alternatively, the
16S rRNA sequences might fail to reflect the pathogenicity of the
strains, since it is only a taxonomic biomarker. Strains of a species
that have the same 16S rRNA sequence can have massively differ-
ent pathogenicity, and similar virulence factors have been found
in phylogenetically distant species (see below).

A clinically healthy individual that was always misclassified as
having chronic periodontitis based on the composition of the
periodontal microbial community was represented by sample 7.
This community was dominated by OTUs that were neither good
nor bad according to our analyses, i.e., they were not among the
biomarkers for health or periodontitis identified by the LefSe
algorithm. However, sample 7 contained two important perio-
dontitis-associated OTUs among the top most abundant taxa:
Fusobacterium_nucleatum_ss_vincentii_HOT_200_V1-2_3, com-
prising 3.7% of the community, and Eubacterium_XI_[G-
6]_sp_V1-2_55, which is the 6th best biomarker of periodontitis
(Fig. 4) and comprised 2.7% of the community.

The aim of biomarker discovery in periodontitis must be to
predict the risk of developing the disease at an early stage, before
clinical symptoms manifest themselves. This could be approached
in a prospective cohort study like the GNC where the composition
of the microbial community and the development of periodontitis
can be monitored in the participants, together with life style, ge-
netic, and physiological parameters, over 30 years. In the long run,
a taxonomic profile of the periodontal community might be able
to predict the risk for developing periodontitis.

Although deep sequencing of the oral microbiome is already
revolutionizing our understanding of caries (48) and periodonti-
tis (4), two of the most prevalent human diseases, a real under-

standing of the shift from the healthy community to the dysbiotic
stage is unlikely to be detected by sequencing of the 16S ribosomal
marker gene alone. There is no strict correlation between phylog-
eny and function. For example, well characterized virulence fac-
tors from P. gingivalis, the best studied periodontal pathogen, have
been found in taxonomically distant members of the oral commu-
nity, e.g., A. actinomycetemcomitans, Prevotella intermedia, T. den-
ticola, and Neisseria cinerea (49). Conversely, closely related
strains of, e.g., Tannerella, can have widely different virulence
properties (50). Deep-sequencing studies of the 16S rRNA marker
gene have expanded the list of periodontitis-associated species-
level phylotypes significantly but have contributed little to an un-
derstanding of the etiology of periodontal disease, including the
unresolved question of cause and effect (5, 51). Thus, the primary
function of ribosomal gene amplicon sequencing is to reliably and
sensitively stratify the samples into subgroups. Patient age, race,
immune status, smoking, diabetes, etc., have already been shown
to have a profound influence on the oral microbiome, but how
these differences relate to disease progression is not known. Using
the method developed here, sample stratification can be per-
formed at high throughput. As a next step, metatranscriptomics
(52, 53) or other specialized analyses can then be applied to a
smaller number of representative samples.

Conclusions. We have shown that Illumina 16S rRNA gene
amplicon sequencing of clinical samples from periodontal pockets
is a fast approach to obtain high-resolution taxonomic abundance
profiles of periodontal microbial communities. Aggressive DNA
extraction and the use of two hypervariable regions of the 16S
rRNA gene independently increase the robustness and reliability
of the results. We developed an automated analysis pipeline that
can be used for basic research, epidemiological studies, or the
development of diagnostic tools.
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