
Generalized Aggressive Periodontitis – A Microbial Chimera1 

Khaled Altabtbaei 

Introduction 

 The classification of periodontal diseases and conditions has puzzled clinicians and 

scientists alike since the 18th century1. It has previously been classified based on the basic 

classification of diseases based on degenerative and infectious processes2, age of onset3, and 

clinical features such as rate of disease progression4,5. The current classification of periodontitis 

takes into account the rate of disease progression, with age of disease presentation as a surrogate 

the rate. With these criteria, the disease can be classified into two separate entities, Chronic 

periodontitis (CP) and aggressive periodontitis. Aggressive periodontitis is sub-classified to 

Generalized Aggressive periodontitis (GAP) and Localized Aggressive Periodontitis (LAP). The 

3 conditions share many clinical and microbial features that are not concordant. Chronic 

periodontitis is a slow-progressing disease that is multi-microbial in origin. It has classically 

been associated with the bacteria Porphyromonas gingivalis, Treponema denticola, and 

Tannerella forsythia6. On the other hand, aggressive periodontitis is associated with rapid 

destruction of the supporting tissues. Localized aggressive periodontitis (LAP) is a rapidly 

progressing disease focal infection mostly associated with the exogenous pathogen 

Aggregatibacter actinomycetemcomitans. Generalized aggressive periodontitis (GAP), like 

Localized aggressive periodontitis, is also associated with rapid destruction of the periodontium. 

However, there is no focal distribution of periodontal destruction, which is similar to the 

generalized form of Chronic periodontitis. 7 Moreover, the microbial profile of GAP is similar to 

that of CP, despite the temporally incongruent patterns of destruction8. These similarities in the 
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clinical and microbial features has prevented the discovery of distinct features of the disease 

which prevented the discovery of possible biomarkers. 

 Our aim is to investigate the microbial genome (metagenome) by using Next-Generation 

Shotgun Sequencing methods to investigate this disconnect between the clinical, and microbial 

profiles of the three diseases. 

Study Population 

This study was approved by the institutional review boards of The Ohio State University and 

Louisiana State University (OSU IRB 2014H0020, LSUHS-NO 8796) 

Four groups of subjects; individuals with Chronic periodontitis, Generalized Aggressive 

Periodontitis, Localized Aggressive Periodontitis, and periodontally healthy controls were 

recruited in the two aforementioned centers. Informed consent, or assent and parental approval, 

obtained as appropriate. Exclusion criteria included subjects who were under 8 years of age, 

those with conditions that required use of prophylactic antibiotics, current or planned pregnancy, 

HIV infection, long term (greater than 3 months) use of medications known to cause gingival 

changes, (e.g. immunosuppressants, phenytoin, calcium channel blockers, aspirin, NSAIDS, 

bisphosphonates or steroids), antibiotic therapy and history of previous subgingival periodontal 

therapy.  

Clinical Procedure 

Clinical periodontal indices including Gingival index (GI, Loe and Silness) and plaque 

index (PI, SIlness and Loe)9, probing pocket depth (PD), bleeding upon probing (BOP), clinical 

attachment loss (CAL) were recorded. Periodontal health was defined as CAL ≤1mm, PD ≤3mm, 

mean gingival index <1. The three conditions were diagnosed according to the following criteria: 

LAP is defined as interproximal attachment loss affecting the first molars and incisors with no 



more than 2 other teeth in adolescents, young adults under 25 who were otherwise systemically 

healthy, accompanied by a contributory family history5,7, or under 40 if there is previous 

radiographic records to confirm rapid destruction. If the interproximal attachment loss in these 

patients exceeded 2 teeth other than incisors and molars, then the patient was diagnosed as GAP. 

CP is generalized bone loss of slow-rate of progression that affects at least 30% of the sites. 

From subjects with disease, samples were collected by inserting sterile endodontic paper-

points (Caulk-Dentsply, Milford, DE, USA) into 3 non-contiguous sites with deep probing 

depths (PD ≥ 5 mm) and pooled.  Samples were similarly collected and pooled from 3 non-

contiguous sites with shallow probing depths (PD ≤ 3 mm). From periodontally healthy subjects, 

samples were collected and pooled from 15 non-contiguous interproximal sites. The paper points 

were then immediately placed in 100µL of RNAlater and temporarily stored in ice for the 

duration of the appointment.  After the visit, the samples were transferred to a freezer (-80 ̊C) 

until analysis. 

DNA isolation 

50 ng of DNA was used generate libraries using Nextera DNA Sample preparation kit 

(Illumina, San Diego, CA) following the manufacturer's user guide. The initial concentration of 

DNA was evaluated using the Qubit® dsDNA HS Assay Kit (Thermo-Scientific, Waltham, MA, 

USA). The samples were then standardized to achieve the recommended DNA input of 50 ng at 

a concentration of 2.5 ng/µL. Subsequently; the samples underwent fragmentation and addition 

of adapter sequences. These adapters were utilized during a limited-cycle (5 cycles) PCR in 

which unique index was added to the sample. Following library preparation, the final 

concentrations of all the libraries were measured using the Qubit® dsDNA HS Assay Kit, and the 

average library size determined using the Agilent 2100 Bioanalyzer (Agilent Technologies, Santa 



Clara, CA). The libraries were then pooled in equimolar ratios of 2 nM, and 10.5pM of the 

library pool was clustered using the cBot (Illumina) and sequenced paired end for 300 cycles 

using the HiSeq 2500 system (Illumina). 

 Human DNA sequences were filtered out, following which duplicate reads, low-quality 

reads (<200 or >400 nt, quality score <25, containing ambiguous characters, containing an 

uncorrectable barcode, or without the primer sequence), and low-compositional-complexity 

reads were removed. Trimmed and filtered sequences were uploaded to the MG-RAST 

metagenomics analysis pipeline (Argonne National Laboratory) for quality processing and basic 

functional analysis10. The MG-RAST API, and the custom Python library we developed to 

access it and analyze/visualize results, were used throughout the analysis process to download 

relevant data and pipeline results (available for download at 

http://github.com/smdabdoub/PyMGRAST). The fraction of metagenome recovered through this 

sequencing effort (coverage per sample) was estimated using Nonpareil11. Comparisons of 

functional potential between groups were made in the context the SEED  subsystems ontological 

hierarchy.  

 Phylogenetic analysis: The phylogenetic profile of each microbial community was 

predicted using the tool Kraken. This tool uses k-mers found in reference genomes to develop an 

index and assigns each k-mer to the least common ancestor (LCA) of all species having that 

particular k-mer. For the present study, Kraken was trained on a customized version of HOMD 

(Human Oral Microbiome Database). The search function matches k-mers found in the 

metagenome to this reference index and assigns taxonomic identities based on the greatest 

number of matching k-mers, following a path from the root of the tree. Although Kraken 

provides data at all levels of taxonomy, analysis was performed at the species level, showing 



high levels of specificity, accuracy, and coverage (98.3% of the composition, on average). 

Statistical analysis  

Alpha- and beta-diversity were computed using QIIME and PhyloToast12. Alpha 

diversity was estimated using the Shannon Index, and Chao1 Diversity Index, and Kruskal-

Wallis test was used to estimate significance. Bray-Curtis Dissimilarity index was used to 

compute distances between samples based on functional and taxonomic abundances. Non-metric 

Multi-Dimensional Scaling (NMDS) plots was performed on distance matrices, and significance 

of clustering was interrogated using ANOSIM with 999 permutations. NMDS plots were 

generated by the R package Phyloseq. The Bioconductor package for R, DESeq2, was used to 

perform differential expression analysis of the annotated microbial transcripts13. p-values were 

adjusted for multiple testing (FDR < 0.1, FDR-adjusted Wald Test). Phylogenic-tree 

visualization was done with iTol. 14. Core features were calculated based on presence of the 

feature in at least 80% of the patients with the particular condition.  

Network analysis: The SparCC package in python was used to test for dependencies 

between features15. Briefly, correlation was estimated on log-transformed data of the core 

features, and p-values computed following 100 bootstraps. Significant co-occurrences (defined 

as rho >0.6 and p<0.05 (t-test of rho)) were used to create the graph structures. Network 

visualization was done with Gephi16, using the Modularity algorithm to find clusters within 

conditions (resolution 5.0). Only correlations with an absolute value more than 0.6 and p-value ≤ 

0.05 were considered. Inter-disease correlation analysis was done via the DyNet plug-in in 

Cytoscape17. 



Results 

Clinical features 

 GAP CP LAP Health 
Number of patients 17 25 17 25 
Age 22.93 ± 7.5$ 58 ± 2$ 19.7±6.9$ 56 ± 3$ 
% of male 52 72 16 89 
Mean PD of deep 
sampled areas 

6.8 ± 1.1* 
 

6.0 ± 1.5* 
 

7.2 ± 1.6* 
 

≤ 3* 

%BOP in deep sites 100 100 100 0 
 
$ - Age of LAP and GAP were not significanty different but both are significantly different from CP and Health 
* - Sites of patients with disease significantly different from health 
 
 

Health is Distinct from Disease 

The taxonomic and functional capability of the health microbiome is distinct from that of 

disease (figure 1). Richness, abundance and membership of taxa were significantly different 

from health to the 3 forms of disease (ANOSIM of Bray-Curtis dissimilarity Index p-value 

0.001, Kruskal-Wallis H-test statistic for Chao1 p-value: 0.0002).  

 

 

 

 

 

 

 

 

 



 

 

Figure 1 – Taxonomic Difference between health and disease – 1a: Beta-diversity demonstrated via NMDS of Bray-
Curtis dissimilarity Index (ANOSIM p-value 0.001). 1b: Alpha diversity demonstrated by Kruskal-Wallis H-test statistic for 
Chao1 (p-value: 0.0002).  
 

 

Taxonomy of Disease 

Taxonomically, the membership and abundance of 3 disease entities are distinct (ANOSIM 

of Bray-Curtis dissimilarity p-value 0.001) (figure 2a). The variance in CP was more evident 

than that of GAP and LAP, based on the spread of the patients across the NMDS graph. The 

richness of taxa were not statistically significant (Bonferroni-adjusted Shannon Index - P-value 

of the Mann-Whitney U test p-value > 0.05). 

 



  

Figure 2 – Taxonomic differences in the 3 disease entities. – 2a: Beta-diversity demonstrated via NMDS of Bray-
Curtis dissimilarity Index (ANOSIM p-pvalue 0.001). 2b: Alpha diversity demonstrated by Kruskal-Wallis H-test statistic for 
Shannon index (p-value > 0.05). 

  

Network analysis of cooperative/antagonism the three conditions revealed that CP, unlike 

GAP and LAP, was sparsely connected, possibly due to heterogeneity in microbial presentation. 

To reveal the taxa dynamism between the 3 conditions, the antagonistically connected edges of 

the network were removed, and the complimentarily connected taxa were superimposed. Then 

they were checked for presence/absence of new nodes, and new complementarity connections 

("rewiring" of the connections within the network).  The superimposition between CP and LAP 

had sparsely shared existing network between the two (figure 3). Moreover, no new nodes, or 

rewiring was found. This is possibly due to the different network structure of the two conditions. 

When CP and GAP were superimposed, however, GAP revealed a similar network to CP with a 

superimposition of further species, as well as the rewiring of other taxa (figure 4). This 

showcases that the dynamism of the bacterial interaction has changed after the addition of these 

species. Similarly, the transition between GAP and LAP can be described by the addition of 

further taxa from GAP that changes the dynamism between the existing connections (figure 5). 

When taxa-level analysis was performed, most species were found in at least 2 conditions, 



with those unique to a condition did not occupy more than 0.03% of the relative abundance. 

When the shared species of CP were compared to GAP, the differentially abundant taxa occupied 

57.98% and 37.29% of the relative abundance of GAP, and CP, respectively. Many Streptococci 

spp. were significantly more abundant in CP than in GAP. On the other hand, many Prevotella 

Spp., and Actinomyces Spp., and classic perio-pathogens such as Treponema denticola, 

Porphyromonas gingivalis, and Tannerella forsythia were more abundant in GAP. When GAP 

and LAP were compared, as expected, Aggregatibacter actinomycetemcomitans was enriched in 

LAP, while Treponema Spp. Taxa and Prevotella intermedia were enriched in GAP.  

 

 

 

 

Figure 3: LAPd/CPd common network - No network structure similarity was resolved. 

 



 

 

Figure 4: GAPd/CPd common network – 4a: Green circles represent new nodes contributed by GAP to the 
common disease inter-taxa interaction, red circles represent those contributed by CPd. 4b: Red circles representing 
the re-interconnected nodes after the introduction of the taxa. Intensity of the color represent the degree of inter-taxa 
connection rearrangement. 
 

 

 

 

Figure 5 – GAPd/LAPd common network – 5a: Green circles represent new nodes contributed by GAP to the 
common disease inter-taxa interaction, blue circles represent those contributed by LAPd. 5b: Red circles 
representing the re-interconnected nodes after the introduction of the taxa. Intensity of the color represent the degree 
of inter-taxa connection rearrangement. 
 



 
Function of disease 

 
The Non-Metric Multidimensional Scaling examination of the functional potential of the 

disease showed a clear separation between the 3 diseases (ANOSIM of Bray-Curtis Dissimilarity 

Index - P-value 0.001 – Figure 6). The resolution of the separation was clearer than that of 

taxonomy. Moreover, GAP was a distinct entity than CP, and LAP, that is intermediate between 

the two (ANOSIM of Bray-Curtis Dissimilarity Index between GAP/CP, and GAP/LAP- P-value 

0.012, and 0.001, respectively). Moreover, the dissimilarity between the functional capability of 

the bacteria in CP was more pronounced than that of the other two conditions, which emphasizes 

the heterogeneity in disease-causing bacteria in these patients, compared to the other 2 

conditions.  

 

 

Figure 6 – Non-metric Multi-Dimensional Scaling for the 3 diseases. ANOSIM of Bray-Curtis Dissimilarity Index - 
P-value 0.001 
 

 To investigate this heterogeneity, the core functions of the diseases were compared. CP had 

the smallest core of the three conditions (30.1%), owing to the fact that the functions in the 

disease are heterogenous. In contrast, GAPd and LAPd had strong cores (48.6%, and 44.6%, 



respectively) (figure 7a). Moreover, when the presence of the core functions of the diseases were 

compared, GAPd and LAPd overlapped in 1978 functions, representing 71.6% and 70%4 of the 

core of LAPd, and GAPd, respectively. This underscores the similarity in the disease-causing 

functions in the two diseases. 1250 functions of these were also shared with CPd (figure 7b). 

 

  

Figure 7 – 7a: Percentage of core functions in each disease. 7b: Shared core presence between 
the 3 disease entities. 
 

7583 functions were examined for differential abundance of three diseases. 935 functions, 2674 

functions, and 228 functions were found to be differentially abundant in GAPd/CPd, LAPd/CPd, 

and GAPd/LAPd, respectively (figure 8). These functions spanned more than 20 general 

functional categories. Of these functions, functions related to virulence factors and virulence 

lifestyle were differentially more abundant in the two forms aggressive periodontitis. These 

include dormancy and sporulation, capsular and extracellular polysaccharides, gram-negative 

components, invasion and intracellular resistance, iron acquisition and siderophores, and motility 

and chemotaxis (figure 9). 



 
 

Differentially abundant functions between GAPd/CPd (Red 
CPd, Green GAPd) 

Differentially abundant functions between LAPd/CPd 
(Red CPd, Blue LAPd) 

 

 

Differentially abundant functions between LAPd/GAPd 
(Blue LAPd, Green GAPd ) 

 

 

Figure 8 – Circle packing graphs for the pairwise differentially abundant functions  



 

  

Dormancy and sporulation Capsular & extracellular polysaccharides 

  

Gram-negative membrane components Invasion and intracellular resistance 

  

Iron acquisition and siderophores Motility and chemotaxis 

 
Figure 9 – Triplots for functions that are differentially more abundant in the aggressive forms of disease 



Discussion 

The diagnosis of Chronic periodontitis and Localized aggressive periodontitis generally 

follow a clear guideline. The microbiological features of the two diseases have also been clear. 

However, the contested idea of Generalized aggressive periodontitis as a separate disease entity 

comes from the lack of clinical and microbiological clear-cut features. Our findings show that 

the generalized, and fast-rate of periodontal destruction in GAP is a clinical chimeric 

presentation, reflective of the microbiologic origins of the disease; chronic periodontitis and 

localized aggressive periodontitis. Longitudinal studies have proven that Localized aggressive 

periodontitis progresses to Generalized aggressive periodontitis if the disease is not controlled18. 

The specifics of this transition are not known. Since the early 1940s, it has been theorized that it 

is due the super-infection of Chronic periodontitis (Periodontitis simplex) on localized 

aggressive periodontitis (Periodontosis) to produce a new complex form of disease, Generalized 

aggressive periodontitis (Periodontitis complex)2. This theory fell out of favor due to the 

consensus that Periodontosis is an inflammatory disease, and not a degenerative disease as it was 

previously thought. With that classification falling out of favor, so has the idea that a disease can 

be transformed by the superimposition of another. While the theory that the three diseases are 

inflammatory in nature is wildly accepted nowadays, the idea of the superimposition has not 

been tested. In light of these ideas, the results of our study support the claim that LAP and CP are 

two extremes of disease presentation with GAP being a mixture of the two. The introduction of 

new species to the core microbiome of LAP results in changing the microbiome community 

structure. This new community dynamic is distinct from that of CP. The taxonomic 

heterogeneity in GAP and LAP resolved to a more homogenous functional capability, which can 

be demonstrated in both the NMDS plots, and the core functions in the two diseases. The study 



of the functional capability of these two diseases also demonstrate the methods by which the two 

conditions cause periodontal destruction by microbiome enrichment of known virulence factors 

such as invasion and intracellular resistance, iron acquisition, and motility and chemotaxis. 

The utility of genetic analysis of the microbial functions, rather than taxonomy, has been 

shown in the study of the various microbiomes in the healthy body19,20. Taxonomic variations 

across different people in the same state of health is due to the constituents in the microbiome 

contributing similar functions to the overall environment, despite the constituents being 

phylogenetically distinct.  Our lab has reiterated this finding in studying the dysbiosis caused by 

periodontitis as well 21. In this study, the resolution gain by functional comparisons as a mean of 

differentiation outweighs the use of taxonomy. The two methods do serve reciprocative utility, 

however. An important virulence factor can be examined taxonomically to find its key players, 

while taxa with strong interactions can be examined functionally to determine the cause of their 

mutualism. 

While it is possible that GAP could raise de novo without the superimposition of CP on LAP, 

our study did not capture such cohort. This is possibly due to the strict classification of disease 

used in this study. Further studies are needed to investigate the breadth of disease presentation to 

identify such cohorts.  
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