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This pilot study examined gene expression signatures in pathological gingival tissues of
subjects with chronic or aggressive periodontitis, and explored whether new subclasses
of periodontitis can be identiﬁed based on gene expression proﬁles. A total of 14
patients, seven with chronic and seven with aggressive periodontitis, were examined
with respect to clinical periodontal status, composition of subgingival bacterial plaque
assessed by checkerboard hybridizations, and levels of serum IgG antibodies to periodontal bacteria assayed by checkerboard immunoblotting. In addition, at least two
pathological pockets/patient were biopsied, processed for RNA extraction, ampliﬁcation and labeling, and used to study gene expression using Aﬀymetrix U-133 A
arrays. Based on a total of 35 microarrays, no signiﬁcantly diﬀerent gene expression
proﬁles appeared to emerge between chronic and aggressive periodontitis. However, a
de novo grouping of the 14 subjects into two fairly robust clusters was possible based
on similarities in gene expression. These two groups had similar clinical periodontal
status and subgingival bacterial proﬁles, but diﬀered signiﬁcantly with respect to
serum IgG levels against the important periodontal pathogens Porphyromonas gingivalis, Tannerella forsythensis and Campylobacter rectus. These early data point to the
usefulness of gene expression proﬁling techniques in the identiﬁcation of subclasses of
periodontitis with common pathobiology.

A few years ago, a revised classiﬁcation of periodontal
diseases was introduced by an international workshop
(1). The revised system abolished several previously
accepted categories such as early onset periodontitis,
adult, rapidly progressive and refractory periodontitis,
and termed the two major forms of periodontal disease
chronic and aggressive periodontitis.
The advantages of the new classiﬁcation system when
compared to its 10-yr-old predecessor were discussed in
detail by Armitage (2). However, a persisting important
shortcoming of the new system is the fact that it lacks an
unequivocal, pathobiology-based foundation. Instead,
the deﬁnition of the two main forms of periodontitis is
still based on combinations of clinical signs and symptoms of questionable discriminatory ability. As underscored in recent publications (2,3), there is a clear need
for additional research focusing on the biological basis
underlying the distinction between the diﬀerent periodontal disease entities. Such studies can be greatly
facilitated by the use of contemporary microarray technology.
Gene expression proﬁling is a powerful means of
generating comprehensive genome-level data sets on
complex diseases and has provided enormous insights in
other ﬁelds in which it has been applied, mostly cancer
research (4). There are two general analytic approaches
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that have been used in this context: The ﬁrst is class
validation, where a given classiﬁcation scheme which is
based on more ÔtraditionalÕ diagnostic methods is
explored at the level of gene expression. These studies
can provide support for, or refute, the biological relevance of a diagnostic classiﬁcation scheme, and can also
identify speciﬁc genes which are relevant to the distinction between classes. For example, recent work by van’t
Veer et al. (5) identiﬁed genes whose expression is
associated with metastatic, as opposed to localized,
breast cancer, and can also be used to predict survival
(6), resulting in the development of a new diagnostic test
for breast cancer (7). Similarly, Pomeroy et al. (8) found
gene expression signatures relevant to the clinical outcome in cases of embryonal tumors of the central nervous
system. The second analytical approach is class discovery,
in which a set of samples with no previous diagnostic
distinctions are examined for evidence of new classiﬁcations, which can then be related to relevant clinical variables. For example, Alizadeh et al. (9) showed that
diﬀuse large B-cell lymphomas could be classiﬁed in two
groups based on gene expression data, and that these
groups diﬀered in long-term prognosis. Perou et al. (10)
found that otherwise heterogeneous breast cancer samples could be classiﬁed into a small number of distinct
groups characterized by major diﬀerences in gene
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expression. Such successful applications of microarrays
have not been restricted to cancer research. Recent
studies have examined muscular dystrophy (11), Alzheimer’s disease (12), arthritis (13), and asthma (14).
To our knowledge, a gene expression-based approach
has not yet been applied in the classiﬁcation of periodontitis. We thus initiated a study to: (i) examine whether distinct gene expression signatures can be identiﬁed
in pathological gingival tissues obtained from subjects
suﬀering from chronic or aggressive periodontitis; and
(ii) explore the feasibility of a new classiﬁcation scheme
based on similarities in gene expression. The aims of the
present pilot study were to: (i) determine the withinsubject variance in gene expression obtained from different pathological sites; (ii) obtain preliminary data on
diﬀerences in gene expression between chronic and
aggressive periodontitis; and (iii) explore new subclasses
of disease based on gene expression proﬁles.

Material and methods
The design and procedures of the study were approved by
the Columbia University Institutional Review Board.
Subjects
A total of 14 subjects, seven with chronic periodontitis and
seven with aggressive periodontitis, were recruited among
the patients referred for periodontal therapy to the Clinic
for Post-doctoral Periodontics, Columbia University School
of Dental and Oral Surgery, NY, USA. A periodontist
(author P. N. P.) screened the referral records and the
accompanying full-mouth series of intraoral radiographs of
incoming patients to make a preliminary assessment of eligibility for participation. Eligible patients were (i) at least
13 yr old; (ii) had a minimum of 24 teeth present; (iii) had
no past history of periodontal therapy other than prophylaxis provided by the referring general dentist; (iv) had
received no systemic antibiotics or anti-inﬂammatory drugs
for at least 6 months; (v) harbored a minimum of four teeth
with radiographic bone loss; (vi) did not suﬀer from diabetes mellitus; (vii) did not suﬀer from any of the systemic
conditions or genetic disorders that entail the diagnosis of
periodontitis associated with systemic disease (15); (viii)
were not pregnant; and (ix) were not current users of
tobacco products or of nicotine replacement medication.
Patients interested in participating signed an informed
consent form prior to enrolment. The demographic characteristics of the patients are shown in Table 1.
Clinical examination and periodontal diagnosis
All participants underwent a full mouth examination of the
periodontal tissues at six sites per tooth, using a manual
probe. The examination included assessments of presence/
absence of dental plaque and bleeding on probing, and
linear measurements of probing depth and clinical attachment level.
Two periodontists (authors P.N.P. and J.B.F.) jointly
reviewed the radiographic and clinical records of each
patient, and assigned a consensus diagnosis of either chronic
or aggressive periodontitis according to the established criteria (2). Speciﬁcally, aggressive periodontitis patients were
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required to: (i) be systemically healthy; (ii) display a severity
of disease disproportionate to the amount of local etiologic
factors; and (iii) show evidence of rapid attachment loss and
bone loss either with respect to their age, or based on
comparisons of available sets of clinical or radiographic
records obtained at diﬀerent time points. In addition, a
reported history of familial aggregation of periodontal disease was interpreted as strongly suggestive of aggressive
periodontitis. In all other cases, a diagnosis of chronic
periodontitis was assigned. Following the assignment of
diagnosis, patients were further subdivided according to the
extent of attachment and bone loss into a localized or a
generalized periodontitis subgroup (16, 17).
Gingival tissue donor areas
Following the initial examination and oral hygiene
instructions, maxillary segments of the dentition that required periodontal surgery were identiﬁed, according to
established treatment criteria, i.e. on the basis of deep inﬂamed pockets with loss of periodontal tissue support. In
these areas, interproximal sites with a probing depth ranging between 6 mm and 8 mm and clinical attachment level
between 4 mm and 6 mm were selected. A single surgical
region encompassing three to four posterior consecutive
teeth with sites that fulﬁlled the criteria above were selected.
No subgingival instrumentation was carried out at the surgical region before tissue sample collection, to avoid
aﬀecting the local gene expression at the sampled sites.
Blood and subgingival plaque samples
Five milliliters of blood were collected by venepuncture (18).
Individual subgingival plaque samples were obtained from
the mesio-palatal surface of each tooth present (excluding
third molars) in the quadrant where the segment selected for
surgery was located, and from each tooth in its diagonally
opposite lower quadrant (14 sites per subject), according to
the description by Papapanou et al. (18). An additional four
plaque samples were harvested from the disto-palatal
aspects of the four consecutive teeth included in the surgical
area. Thus, a total of 18 subgingival plaque samples were
obtained from each subject.
Collection of gingival tissue samples
After inﬁltration with an appropriate local anesthetic, submarginal incisions 1–2 mm apical to the gingival margin
were made at the segment of the dentition that harbored the
qualifying sites. After reﬂection of mucoperiosteal ﬂaps, the
portion of each interproximal gingival papilla that adhered
to the root surface was carefully dissected. This section
comprised the ulcerated epithelial lining of the periodontal
pocket and a portion of the underlying connective tissue.
After dissection, the gingival tissue specimens obtained were
thoroughly rinsed with sterile normal saline solution and
transferred into Eppendorf tubes containing ﬁve volumes of
a RNA stabilization reagent (RNAlater; Ambion, Austin,
TX, USA). A total of four specimens were collected from
each surgical area, including three specimens from qualifying sites according to the criteria outlined above, and one
from an adjacent site displaying a probing depth of
£ 3 mm, attachment loss of £ 2 mm, and no bleeding on
probing, obtained from the portion of the periodontal ﬂap
reﬂected for mere access purposes. After collection of the
gingival tissue specimens, pocket elimination/reduction
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periodontal surgery was completed according to standard
procedures. The standard postsurgical protocol was followed.
RNA extraction, reverse transcription, in vitro cRNA
synthesis
The gingival tissue specimens were stored in RNAlater
overnight at 4C and thereafter snap-frozen and stored in
liquid nitrogen. All further processing occurred simultaneously for gingival biopsies originating from patients with
chronic and aggressive periodontitis. Gingival tissue specimens were homogenized in Trizol reagent (Invitrogen Life
Technologies, Carlsbad, CA, USA). After incubation with
chloroform and centrifugation at 12 000 g, RNA collected
in the upper aqueous phase was precipitated by mixing with
isopropyl alcohol, further centrifugation and washing in
75% ethanol. Further puriﬁcation of the extracted RNA
was achieved by the use of the RNeasy total RNA isolation
kit (Qiagen, Valencia, CA, USA) according to the manufacturer’s instructions. The puriﬁed RNA was quantiﬁed
spectrophotometrically. Five micrograms of total RNA
originating from each of two diseased samples was reverse
transcribed using the SuperScript double stranded cDNA
synthesis kit (Invitrogen) according to the manufacturer’s
instructions. The T7-(dT)24 oligomer (Proligo; Genset,
LaJolla, CA, USA) was used for priming ﬁrst strand cDNA
synthesis in place of the oligo (dT) or random primers
provided with the SuperScript kit. Cleanup of the doublestranded cDNA was achieved by phenol–chloroform
extraction with the use of Phase Lock Gels (Eppendorf,
Hamburg, Germany) followed by ethanol precipitation.
Synthesis of botin-labeled cRNA was performed by the use
of the Enzo BioArray High Yield RNA Transcript Labeling
kit (Aﬀymetrix, Santa Clara, CA, USA). Cleaning up of the
in vitro transcription (IVT) products was carried out by
using RNeasy spin columns (Qiagen) followed by ethanol
precipitation. The cRNA yield was determined spectrophotometrically at 260 nm. Finally, the cRNA was fragmented by incubation in fragmentation buﬀer (200 mm Tris
acetate, pH 8.1, 500 mm K acetate, 150 mm Mg acetate) at
94C for 35 min and stored at )80C until hybridizations.
Affymetrix GeneChip hybridizations
Aﬀymetrix Human Genome U-133 A arrays were used
representing more than 22 000 transcripts derived from
approximately 18 000 well-substantiated human genes.
Hybridizations, probe array scanning and gene expression
analysis were performed using the Gene Chip Core Facility
at the Columbia University Genome Center, according to
the manufacturer’s instructions.
Checkerboard DNA–DNA hybridizations
Analysis of plaque samples with respect to the 12 bacterial
species listed in Table 3 was performed according to the
ÔcheckerboardÕ DNA–DNA hybridization method (19), as
described earlier (18), with the following modiﬁcations: the
chemiluminescent substrate used for detection was CSPD
(Roche/Boehringer-Mannheim, Indianapolis, IN, USA).
Evaluation of the chemiluminescence signal was performed
in a LumiImager F1 Workstation (Roche/BoehringerMannheim) by comparing the obtained signals with the
ones generated by pooled standard samples containing
106 or 105 of each of the species. Standard curves were

Table 1
Demographic characteristics of subjects in the four diagnostic
categories
Diagnosis

N

Age (yr)/Mean
(SD)/Min–max

Localized
chronic
Generalized
chronic
Localized
aggressive
Generalized
aggressive
All

1

33

M

H

6

41.3 (6.8)
35–54
16

3 F, 3 M
F

5 H, 1 W
AA

31.7 (3.9)
26–36
34.8 (8.7)

4 F, 2 M
8 F, 6 M

5 H, 1 AA
11 H, 2 AA, 1 W

1
6
14

Gender

Race/ethnicity

F, female; M, male. H, Hispanic; AA, African American;
W, white.

generated for each species by means of the lumianalyst
software (Roche/Boehringer-Mannheim), and the chemiluminescent signals obtained were ultimately transformed into
bacterial counts and exported into excel ﬁles.
Checkerboard immunoblotting
The level of serum IgG antibodies against the same bacterial
species used in the checkerboard hybridizations was
assessed by checkerboard immunoblotting (20) as described
elsewhere (18) with the following modiﬁcations: human IgG
standards (Sigma-Aldrich, St Louis, MO, USA) were prepared at dilutions of 333, 500, 1000, and 2000 ng ml)1.
Chemiluminescent signals were assessed in the same
LumiImager F1 Workstation used in the DNA hybridizations, were quantiﬁed in comparison to a curve generated by
protein A (Sigma-Aldrich) and the four human IgG standards by using the lumianalyst software, and were exported
into excel ﬁles.
Data analysis
The clinical periodontal variables were averaged for each
patient. In order to circumvent the problem of raw values
equal to zero, the microbiological and serum antibody data
were log transformed as follows: log (raw value + 1). First,
within each subject, a mean log-transformed bacterial load
across the 18 microbiologically sampled sites was calculated
for each investigated species. Subsequently, species-speciﬁc
infection ratios (antibody titer over homologous mean
bacterial load) were calculated as follows: each subject’s log
transformed speciﬁc antibody titer was divided by the
individual subject’s mean bacterial load for the homologous
species described above, generating a species-speciﬁc
Ôinfection ratioÕ. In other words, the infection ratios (antibody concentration/bacterial load) described a measure of
antibody responsiveness for each infecting bacterial species.
Initial microarray data analysis, consisting of calculating
expression values from the raw digital image of the ﬂuorescent microarray, was conducted using the Aﬀymetrix
Microarray Suite Version 5.0 software. Data were screened
to identify arrays with poor signal/background ratios, or
which exhibited low RNA quality, as indicated by the Affymetrix software, using criteria deﬁned by Aﬀymetrix. Such
ÔoutlierÕ samples were excluded. The ÔsignalÕ values for each
high-quality array were used as measure of expression for
subsequent stages of the analysis.
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Results
A single sample from healthy gingival tissue (control
sample) was analysed from a total of six subjects (three
with chronic and three with aggressive periodontitis).
A minimum of two diseased gingival tissue samples were
analysed from each subject. Thus, the total number of
microarrays processed in this report was 36. Based on
quality controls (background and noise measurements
provided by the Aﬀymetrix software), the data for one
sample from a patient with chronic periodontitis was
deemed to be of low quality and was excluded from the
analysis. All other RNA and microarray hybridization
data were of excellent quality. Thus, the ﬁnal data set
includes microarrays for six control samples, 14 diseased
tissue samples from chronic periodontitis subjects, and
15 such samples from aggressive periodontitis subjects
(35 arrays in total).
We ﬁrst sought to explore the within-subject variance
in gene expression. The ﬁndings from this analysis are
presented in Fig. 1. Figure 1A illustrates a representative
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To address the question of whether gene expression differences exist between chronic and aggressive periodontitis,
a supervised analysis was carried out. In this analysis, all
microarray data obtained from diseased sites from each
patient were combined by calculating the mean of all
available values for each gene. In the description that follows, each resulting set of values was treated as if it were a
single sample, although it was combined data from several
samples. We used a Student’s t-test to search for genes that
were diﬀerentially expressed between groups, applying a
multiple testing procedure based on the false discovery rate
(21). To test whether either type of periodontitis could be
ÔdiagnosedÕ using microarray data, we used a supervised
learning procedure. Supervised learning involves training a
learner (in this case, a computer algorithm) to recognize the
diﬀerence between two or more categories of labeled training examples, which in this case were individual microarray
samples from chronic and aggressive periodontitis, labeled
as to their membership in each group. Training is based on
genes selected from the training set that distinguish the
classes (feature selection). Once trained, the learner can be
evaluated by testing its ability to correctly classify test
examples, the classiﬁcation of which is known by the
experimenter but hidden from the learner. This basic procedure (supervised learning using cross-validation with
feature selection) represents standard methodologies which
have been previously applied to microarray data in
numerous studies (8, 22, 23). The supervised learning algorithm that we selected was the support vector machine
(SVM), which has been previously used to classify tumor
samples based on microarray data (24–26). We used an
existing SVM implementation cowritten by author P. P.
(http://microarray.cpmc.columbia.edu/gist).
To explore a potentially new classiﬁcation scheme based
on the gene expression proﬁles, we employed a unsupervised analysis using clustering, similar to the approach that
has been successfully used in other microarray studies to
identify groups of samples that are clinically relevant, but
which were previously unknown (9). We employed the
commonly used hierarchical clustering (27) and evaluated
the robustness of the identiﬁed clusters by a non-parametric bootstrap (28).
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Fig. 1. Within subject variance of gene expression. (A) Plot of
expression values for two samples from the same subject. The
red lines indicate fourfold diﬀerences. (B) Correlation matrix
for the 36 microarrays processed. As indicated by the highly
compressed scale, correlations below 0.9 are indicated in black,
while correlations of 1.0 are white. The lowest correlation in the
data set was c. 0.85. Green boxes along the diagonal illustrate
within subject correlations. Note that although 14 patients are
included in the analysis, patient numbers range from 1 to 15.

plot of expression values for two samples obtained from
a single subject. As illustrated by the majority of the
points that are close to the diagonal, the samples showed
an overall high similarity. Figure 1B illustrates the full
correlation matrix for all 36 microarrays processed,
including the one that was discarded from further analysis because of poor quality (sample 7-2). As indicated
by the highly compressed scale, correlations below 0.9
are visualized in black, while correlations of 1.0 are
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white. The lowest correlation observed in this particular
data set was 0.85. The green boxes along the diagonal
of the graph highlight comparisons among samples
obtained from the same subject. For the most part, very
high correlations were observed within the green boxes
(illustrated by the almost white color), indicating a high
agreement among samples originating from the same
subject. However, greater heterogeneity can be observed
in a few subjects, such as in subjects 1, 7 and 15.
We next examined diﬀerences in gene expression
between control and diseased sites. Using data from six
control sites assayed among the 35 in total, only limited
diﬀerences emerged between control and diseased sites.
Based on a two-tailed Student’s t-test, at a false discovery rate of approximately 0.1, there were only 31 genes
showing signiﬁcant diﬀerential expression (data not
shown).
We next addressed the question of whether there are
diﬀerences in expression proﬁles in samples taken from
subjects with aggressive vs. chronic periodontitis. In this,
and all further analyses, samples from control sites were
excluded, and expression proﬁles from diseased sites
were averaged within each subject. Using a two-tailed
t-test with 12 degrees of freedom, we found no genes that
were signiﬁcantly diﬀerentially expressed between the
two diagnostic categories. Corroborating this observation, our support vector machine supervised learning
procedure was unable to ÔlearnÕ the diﬀerence between
aggressive and chronic periodontitis from these data.
Indeed, only six out of 14 predictions were correct,
indicating a performance at the level of chance.
Our subsequent analysis attempted to identify a novel
grouping of periodontitis patients based on gene
expression proﬁles that may reﬂect hitherto unrecognized
disease categories. Our approach was to analyse the
patient-average expression proﬁles using a hierarchical
clustering algorithm (Fig. 2). As seen, our earlier observation of no pronounced gene expression diﬀerences
between chronic and aggressive periodontitis was reinforced by the fact that the chronic and aggressive periodontitis patients did not cluster together. However, two
main clusters emerged that were fairly robust, as illustrated both by the height of the bars separating them
from the parent branch, indicating the relative dissimilarity of the clusters, and by the bootstrap results. In
particular, the bootstrap results suggested a group of ﬁve
samples (all but one of those labeled in red in Fig. 2) that
were tightly clustered, and a somewhat more diﬀuse
cluster of 8 samples.
Using a t-test, we could identify at least 200 genes that
appeared to be among those most responsible for the
appearance of the two clusters shown in Fig. 2. The top
20 of these genes are listed in Fig. 3. To explore whether
these clusters would be biologically or clinically relevant,
we ﬁrst examined the discriminatory genes for their
functional roles. Among the diﬀerentially regulated
genes, a number have functions in the immune system.
Next, we explored diﬀerences between the subjects in
Clusters 1 and 2 with respect to clinical periodontal
parameters. As shown in Table 2, patients in Clusters
1 and 2 were quite similar with respect to clinical
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Fig. 2. Clustering of expression proﬁles from all patients.
Patient expression proﬁles are averages across diseased sites.
The chronic periodontitis patients (green) and the aggressive
periodontitis patients (blue) do not cluster together overall, but
two fairly robust clusters do emerge (red and orange). The
numbers indicate the count of bootstrap trials (out of 100)
during which each cluster remained identical. Thus, the red
cluster was identical in 71/100 trials. Apparently, in 29 trials,
some sample(s) (presumably the sample at the far right, as the
remaining cluster is stable) were moved out of the cluster.

periodontal status, as expressed by their average percentage of bleeding of probing, their mean probing depth
and attachment level, and the number of deep pockets
(‡ 6 mm) per subject, or the number of sites per subject
with attachment loss of ‡ 6 mm.
When we examined the mean bacterial load per subject
in Clusters 1 and 2 with respect to 12 bacterial species, we
observed largely overlapping colonization patterns
between the two clusters (data not shown). We then proceeded with an analysis of serum antibody responses and
infection ratios in the two clusters. These ﬁndings are
summarized in Table 3. Interestingly, subjects in Cluster 2
had statistically signiﬁcantly lower titers against two of the
three established causative bacteria for periodontitis
(Porphyromonas gingivalis and Tannerella forsythensis) as
well as to the putative pathogen Campylobacter rectus. The
same observation with respect to these three species was
made when the homologous bacterial colonization was
concomitantly taken into consideration. Indeed, infection
ratios for P. gingivalis, T. forsythensis, and C. rectus were
statistically signiﬁcantly lower in patients of Cluster 2,
suggesting an overall lower responsiveness of these subjects to important periodontal pathogens.

Discussion
To our knowledge, this is the ﬁrst study that examines
gene expression in aﬀected gingival tissues in chronic and
aggressive periodontitis by means of microarray technology. We intend to use the pilot data presented above
in a larger study that will explore a novel classiﬁcation of
periodontal diseases based on similarities of gene
expression in pathological periodontal tissues. The ﬁndings obtained so far can be summarized as follows:
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Cl1
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Cl2
Probe
209829 at
218871 x at
206555 s at
213186 at
202422 s at
212737 at
218294 s at
202596 at
217738 at
202303_x_at
210815 s at
202901 x at
206636 at
214678 x at
218193 s at
210148 at
200830_at
210014 x at
216915 s at
200789 at

p value
1.41E-08
1.29E-07
2.09E-07
2.40E-07
3.39E-07
4.79E-07
5.75E-07
5.89E-07
6.92E-07
7.24E-07
8.13E-07
8.71E-07
9.12E-07
1.00E-06
1.66E-06
1.66E-06
1.78E-06
1.86E-06
1.95E-06
2.00E-06

Description
chromosome 6 open reading frame 32 | C6orf32
chondroitin sulfate GalNAcT-2 | GALNACT-2
hypothetical protein FLJ20274 | FLJ20274
KIAA0675 gene product | KIAA0675
fatty-acid-Coenzyme A ligase, long-chain 4 | FACL4
GM2 ganglioside activator protein | GM2A
nucleoporin 50kDa | NUP50
endosulfine alpha | ENSA
pre-B-cell colony-enhancing factor | PBEF
SWI/SNF related, matrix associated, actin dependent regulator of chromatin | SMARCA5
calcitonin receptor-like | CALCRL
cathepsin S | CTSS
RAS p21 protein activator 2 | RASA2
zinc finger protein, X-linked | ZFX
CGI-141 protein | CGI-141
homeodomain interacting protein kinase 3 | HIPK3
proteasome (prosome, macropain) 26S subunit, non-ATPase, 2 | PSMD2
NAD+-specific isocitrate dehydrogenase beta
protein tyrosine phosphatase (PTPG1) mRNA
enoyl Coenzyme A hydratase 1, peroxisomal | ECH1

Fig. 3. Top 20 genes that distinguish the clusters shown in Fig. 2. At left, each column indicates one patient-mean proﬁle, while each
row represents one probe set (gene). The two clusters are labeled as ÔCl1Õ and ÔCl2Õ. Brighter colors in the heat map indicate higher
relative levels of expression. P-values are obtained from a two-tailed t-test comparing the two groups. Genes in red have clear roles in
the immune system. A number of genes (such as the top gene) are poorly annotated and have unknown functions.

lysing two gingival tissue specimens per patient; (ii) in
this limited-size sample, no signiﬁcant diﬀerences in gene
expression were detected between gingival tissues of
subjects with chronic and aggressive periodontitis; and
(iii) gene expression signature similarities formed two
subgroups of patients that diﬀered with respect to serum
antibody responses and infection ratios for important
periodontal pathogens.
Some further discussion of the above main points is
pertinent. Attempting to classify periodontitis subtypes
based on gene expression will be feasible and meaningful
only if the variance in gene expression between several
aﬀected sites within the same oral cavity is relatively low
and substantially lower than that between subjects. Our
ﬁndings indicate that more than one sample per patient
need to be analysed in order to increase the reliability of
the results, but also that processing of two microarrays

Table 2
Clinical periodontal status in Clusters 1 and 2

BoP
(%)

PD
(mm)

No. of
No. of
sites with
sites with
PD ‡ 6 mm AL (mm) AL ‡ 6 mm

Cluster 1 56 (32) 3.9 (0.7) 30.5 (18.9) 4.2 (1.5) 43.8 (39.2)
Cluster 2 46 (37) 4.2 (0.7) 39.6 (28.9) 4.6 (0.7) 51.4 (31.3)
P-value 0.55
0.50
0.49
0.56
0.70

Data are mean with SD in parenthesis; n ¼ 6, Cluster 1; n ¼ 8,
Cluster 2.
BoP, bleeding on probing; PD, pocket depth; AL, attachment
loss.

(i) there is good overall agreement of gene expression
data collected from multiple diseased sites from a single
patient, but there is suﬃcient variability to justify ana-

Table 3
Log-transformed serum IgG titers and log-transformed infection ratios in Clusters 1 and 2
Titers (ng ml)1)
Species*
Aa
Pg
Tf
Td
Pi
Fn
Mm
Cr
En
Ec
Vp
An

Cluster 1
5.81
6.32
5.32
4.90
5.64
3.86
4.82
5.74
5.56
5.44
3.99
4.02

(0.47)
(0.40)
(0.54)
(0.46)
(0.25)
(1.93)
(0.40)
(0.71)
(1.05)
(0.15)
(1.02)
(2.09)

Cluster 2
6.08
5.57
4.82
4.72
5.63
3.55
4.81
4.97
5.81
5.48
3.73
4.63

(0.44)
(0.37)
(0.31)
(0.61)
(0.44)
(1.58)
(0.43)
(0.33)
(0.90)
(0.28)
(1.04)
(0.85)

Infection ratios (ng ml)1 10)6 bacterial cells)
P
0.29
0.003
0.04
0.54
0.95
0.75
0.96
0.01
0.64
0.70
0.65
0.52

Cluster 1
0.88
0.90
0.77
0.65
0.71
0.50
0.62
0.86
0.93
0.82
0.58
0.52

(0.07)
(0.03)
(0.06)
(0.05)
(0.03)
(0.24)
(0.04)
(0.12)
(0.17)
(0.02)
(0.13)
(0.27)

Cluster 2
0.91
0.80
0.67
0.64
0.71
0.46
0.63
0.73
0.95
0.81
0.52
0.59

(0.06)
(0.04)
(0.07)
(0.07)
(0.07)
(0.21)
(0.07)
(0.05)
(0.14)
(0.05)
(0.15)
(0.10)

P
0.45
0.001
0.03
0.65
0.90
0.77
0.89
0.02
0.80
0.56
0.47
0.58

Data are mean with SD in parenthesis.
* Species abbreviations: Aa, Actinobacillus actinomycetemcomitans; Pg, Porphyromonas gingivalis; Tf, Tannerella forsythensis; Td,
Treponema denticola; Pi, Prevotella intermedia; Fn, Fusobacterium nucleatum; Mm, Micromonas micros; Cr, Campylobacter rectus;
En, Eubacterium nodatum; Ec, Eikenella corrodens; Vp, Veillonella parvula; An, Actinomyces naeslundii.
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per subject is suﬃcient to identify and address possible
ÔoutlierÕ samples. The same conclusion was reinforced by
a clustering analysis (not shown), which demonstrated
that samples from one subject usually, but not always,
cluster together very closely. Importantly, as illustrated
by points away from the diagonal in Fig. 1B, more
pronounced diﬀerences were observed between than
within subjects.
Interestingly, our preliminary results indicate that
relatively limited diﬀerences in gene proﬁling were
detectable between diseased and healthy sites of the same
patient. These diﬀerences were of much lower magnitude
than those observed in earlier experimental studies where
inﬂamed uterine tissue was compared with non-inﬂamed
control tissue (P. Pavlidis, unpubl. observations). Our
provisional interpretation of this observation is that the
control sites, which were collected from periodontitisaﬀected individuals at locations proximal to the diseased
sites, may reﬂect the eﬀects of disease to a much greater
extent than is apparent from the clinical appearance of
the gingival tissue.
Similarly, our pilot study failed to detect any signiﬁcant diﬀerence in gene expression between aﬀected gingival tissues of subjects with chronic or aggressive
periodontitis. This ﬁnding, based on an admittedly limited subject sample, suggests that any gene expression
diﬀerences between these two disease types is likely to be
subtle. Nevertheless, our unsupervised analysis did
identify two fairly robust groups of patients that displayed distinct gene expression signatures. Although
many of those diﬀerentially regulated genes are poorly
annotated, some have functions in the immune system.
For example, cathepsin S is a cysteine protease that may
participate in the degradation of antigenic proteins to
peptides for presentation on major histocompatibility
complex (MHC) class II molecules in response to infection. Similarly, the proteasome, represented in our list by
PSMD2, is involved in antigen presentation. A third
immune-response gene, PBEF (pre-B-cell colony enhancing factor), the expression of which is upregulated in
activated lymphocytes, codes for a nicotinamide phosphoribosyltransferase, a cytosolic enzyme recently shown
to be involved in nicotinamide adenine dinucleotide
(NAD) biosynthesis (29). Intriguingly, in our data a
strong pattern emerges involving NAD, including the
NAD+ isocitrate dehydrogenase beta gene (Fig. 3), as
well as a number of other genes not listed, such as
NADH dehydrogenase complex members NDUFB8,
NDUFC1 and NDUFB2. Thus, the two clusters identiﬁed may have revealed a pattern of expression representing diﬀerences in responses to infection among
subpopulations of periodontitis patients. The ﬁndings in
Table 3 appear to corroborate the above postulate, as
Clusters 1 and 2 displayed a diﬀerent ÔresponsivenessÕ to
colonization by important periodontal pathogens, such
as P. gingivalis, T. forsythensis, and C. rectus.
Given the small sample size in our pilot study, it is
clear that we have gained only a little insight into the
actual properties of expression proﬁles in periodontitis
and their biological signiﬁcance. It must be emphasized
that the reported ﬁndings on the diﬀerential gene

expression between the clusters identiﬁed or on the
phenotypic characteristics of the clusters are not deﬁnitive, and may or may not hold true if a larger patient
sample is analysed. Nevertheless, the primary value of
these pilot data lies in their ability to illustrate the
potential of this multilevel genomics and bioinformatics
approach in the study of the pathobiology of periodontitis. As exempliﬁed above, this strategy can facilitate the
identiﬁcation of homogeneous subtypes of periodontitis
and can provide a detailed description of the distinct
gene expression proﬁles that characterize each subtype.
Importantly, by concomitantly exploring the disease
phenotype in the diﬀerent subtypes and identifying surrogate markers for each (e.g. as illustrated in our analysis, by linking responsiveness to infection to a
particular cluster), this approach can tie the molecular
diagnosis with clinical and laboratory ﬁndings.
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